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Cell biology research in the era of high-throughput experimental techniques 
 Developments in the field of high-throughput (HT) experimental techniques, 
initialized with genome sequencing in the late 20th century1,2, established a new period 
in cell biology research. HT techniques aim to identify cellular components at large 
scale and include genomics (identification of genome sequence), transcriptomics 
(mRNA molecules reflecting gene expression), proteomics (proteins and their 
interactions) and metabolomics (metabolite profiles)3-6. These large scale approaches 
have shifted our interest from single genes or proteins to the whole cells. For 
example, genome sequencing uncovers all genes that are encoded on a genome1 and 
transcriptomics techniques allow one to monitor the expression of all genes within a 
particular environmental condition or time7,8.  The importance of HT techniques is 
not only to identify cellular components, e.g. which genes are expressed, but also to 
make use of the data to study the components in the context of the whole. This field is 
referred to as systems biology with the aim to construct cellular networks and to gain 
insights into network (system) properties arising from interactions between cellular 
components. In systems biology two main research strategies can be distinguished: i) 
a classic hypothesis-driven strategy in which knowledge about the system is used for 
prediction (followed by data analysis) and ii) a more data-driven strategy in which data 
is explored without direct prediction. The latter strategy gained considerable attention 
over the past years, especially by bioinformaticians, because the HT techniques shifted 
cell biology from a relative data-poor (single gene or protein) to a data-rich field of 
science. It should be noted that both strategies are complementary9. 
 Since HT techniques have been applied to different organisms it became 
possible to compare data sets between organisms. The strength of such comparative 
approaches is that features of organisms which are conserved across evolution are 
likely to be biologically meaningful. Sequenced genomes or expression profiles of 
organisms can, for example, be compared to infer gene functions10-14 or to study 
genome evolution15,16.  Besides comparative genomics with the aim to integrate data 
over different organisms, there is also a need for integration of different HT data for 
individual organisms. This is because each HT technique generally provide insights 
into a specific property of the cell, such that other properties are not considered. A 
good example to illustrate the relevance of integration is the organisms’ ability to 
grow in different environments. Metabolism is one universal and important function 
of organisms to convert nutrients from the environment into their own constituents via 
biochemical reactions thereby allowing the cell to grow and reproduce. Environmental 
changes in terms of nutrient availability are in many cases tolerated by organisms, 
because of a successful response of metabolism. When studying the metabolic reaction 
network in which metabolites are linked through their use in biochemical reactions21 
it is possible to study the metabolic response. However, it is not directly possible to 
address if and how the response of metabolism was triggered from a genetic level 
(e.g. at large-scale by gene expression changes). Such questions can be addressed by 
exploring the interplay between a metabolic reaction network and a regulatory network 
in which genes are linked when regulated by the same transcription regulators18.
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 HT techniques generally reveal a lot of data which has to be interpreted 
for its biological relevance. A way to do this is to integrate the data in a biological 
meaningful framework or model, e.g. integration of a gene regulatory network with a 
model of metabolism (see example above). Undoubtedly, many types of models can 
be constructed with respect to size, complexity and detail. For example, metabolic 
pathways are embedded in metabolism and can be described via detailed mathematical 
models19 or via textbook drawings/schemes20. The main topic of this thesis is the 
reconstruction and analysis of genome-scale metabolic models. These species-
specific networks are based on solid biochemical knowledge and provide a modeling 
framework for hypothesis generation and integrative data analysis. The first part of 
the thesis (chapter 2 and 3) will include studies on function prediction of genes and 
reconstruction of metabolic networks. The second part (especially chapter 4 and 5) will 
highlight the usefulness of metabolic reconstructions in prediction and interpretation 
of HT data. 
Reconstruction of genome-scale metabolic networks
 Metabolic networks can be reconstructed from a sequenced genome. The first 
step involves gene identification and annotation (see also Stein L.21). Annotation comes 
down to assigning functions to genes and is supported by comparative genomics of 
species. Comparative genomics relies on the evolutionary concept that equivalent genes 
of species originated from a common ancestral gene. This is called homology. Function 
prediction frequently relies on homology searches against gene/protein databases 
using algorithms like BLAST (Basic Local Alignment Search Tool)22. However, there 
are certain evolutionary events, such as gene duplication, that could negatively affect 
the reliability of the function prediction. For example, gene duplication events can 
lead to novel functions due to mutation and selection23. Even though these genes are 
homologs they have been functionally diverged. To describe evolutionary relations 
at higher resolution one can consider the concept of orthology. Orthologs are genes 
from different species that have been originated from the last common ancestral gene 
(thus by speciation)24. These genes have most likely retained the ancestral function 
and are therefore good candidates for function prediction (annotation). Orthology can 
be determined by comparing all genes from two or more genomes by bidirectional 
best hit (BBH) approaches which are based on gene sequence similarity (using e.g. 
BLAST)25,26, or one could construct phylogenetic trees of homologous genes on the 
basis of multiple sequence alignments27,28.
 Once a genome has been annotated, one could start assigning metabolic 
reactions to genes which code for enzymes29,30. Metabolic reaction information can be 
obtained from a number of databases, such as BRENDA and KEGG20,31. After exploring 
the entire genome, a large number of gene-protein-reaction associations are formulized 
of which the reactions form a network of interactions through the use of common 
metabolites (either substrates or products). In most cases it is necessary to take an 
additional step in order to obtain a relevant network suitable for modeling, especially 
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because orthology approaches fail occasionally or metabolic reaction databases lack 
reaction information (e.g. no experimental proof of the enzymatic function). This step 
includes the incorporation of reactions that are missing, but which are essential for 
metabolic function (e.g. growth). Knowledge of the physiology of the organism can 
be of great use in this process32. For example, if an organism can grow without certain 
amino acids in its environment, then the organism should have the necessary metabolic 
reactions (pathways) to produce these amino acids. Any of these reactions that are 
missing should be added to the network. Moreover, to find candidate genes for missing 
reactions it is possible to use genome context methods, such as gene neighborhood, to 
explore whether genes associated to reactions near the missing reaction are neighbors 
on the genome together with a particular gene not yet annotated or associated to a 
reaction33,34. 
 High quality species-specific metabolic reconstructions, especially the ones 
of Escherichia coli and Saccharomyces cerevisiae, have become available in past 
few years29. Each of these reconstructions contains hundreds of genes, proteins and 
reactions which are in many cases not in one-to-one relations, e.g. isoenzymes, enzyme 
complexes, multifunctional enzymes.  The latter illustrates the complexity between 
genotype (gene level) and phenotype (metabolic reaction network).   
 If the research objective is to explore or interpret experimental data in the 
context of metabolism one could visualize the data on a map of nodes (metabolites) 
and directed arrows (reactions)(Figure 1). When the purpose is to model metabolism 
(see below) it is favored to represent the network as a matrix29. This matrix is called 
the stoichiometric (S) matrix in which each row represents a metabolite, each column 
a reaction and each element the stoichiometry coefficient of the metabolite in that 
reaction (Figure 1).
Analysis of genome-scale metabolic networks by constraint-based modeling
 The most important overall function of metabolism is to produce components 
necessary for growth, e.g. nucleotides, amino acids, lipids, etc. Usually these 
components are produced by uptake and conversion of nutrients from the environment. 
Each involved reaction converts substrates (metabolites) with a particular turnover rate 
which is referred to as the flux. In metabolic modeling we are especially interested in 
the prediction of metabolic fluxes leading to growth within particular environments. 
Flux states of networks refer to the functional properties (phenotypes) of metabolism. 
Detailed flux models of pathways, such as glycolysis, have been constructed in the past 
allowing one to control many factors (and parameters) that influence the flux, such as 
enzyme and (external) metabolite concentrations, temperature, pH, etc19. At genome-
scale it is not feasible to model with such detail, because there are simply too many 
reactions involved. Nevertheless, computational techniques have been developed to 
study flux distributions in large networks without all the mechanistic detail35. These 
techniques rely on constraint-based modeling.
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 In constraint-based modeling there are two main types of constraints that need 
to be imposed on the network: mass balance (stoichiometric) and capacity constraints. 
Balancing of mass by constituent reactions represents a steady-state assumption. At 
steady-state there is no accumulation of metabolites, i.e. the production rates must 
equal the consumption rates for each metabolite in the network. So, around each 
metabolite in the network there is a balance equation. In mathematical terms this is 
written as S.v=0, where S is a matrix containing the stoichiometry of all reactions 
(Figure 1) and v is a vector of reaction rates. Normally, the flux state of the network is 
underdetermined because there are many more unknown fluxes (i.e. v) than there are 
balance equations. This leads to infinite solutions (unbounded solution space). To get 
to the stage of a bounded solution space it is necessary to apply capacity constraints on 
each reaction flux, written as vmin ≤ v ≤ vmax. The solution space represents all allowable 
flux (functional) states of the network given the constraints (Figure 2). In practice 
we are interested in studying metabolism within environments. This can be done by 
constraining so-called exchange (or transport) reactions which link the metabolic 
network with the environment. In this way the uptake of nutrients, in terms of rates 
(vmin and vmax), can be selected.
 Even though a solution space can be defined, the number of possible flux 
states is generally too large for interpretation. One of the most widely used techniques 
to cope with the high number of flux states is flux balance analysis (FBA). This method 
relies on linear optimization and is aimed to predict optimal flux distribution(s) for a 
given objective (i.e. growth). To apply FBA it is thus necessary to define an objective 
which is in most cases biomass production (measure of growth). This biomass reaction 
Figure 1. Small part of the Escherichia coli metabolic network represented as a map and stoichiometric 
matrix (S).
PGI PFK FBA
HEX1
Gene(s) Reaction Reaction equation 
b2388  HEX1 atp + glc-D →  adp + g6p + h 
b4025  PGI g6p ↔  f6p 
b3916 or b1723 PFK atp + f6p  →  adp + fdp + h 
b2925 or b2097 or b1773 FBA fdp ↔  dhap + g3p 
HEX1 PGI PFK FBA
atp -1 0 -1 0
glc-D -1 0 0 0
adp 1 0 1 0
g6p 1 -1 0 0
h 1 0 1 0
f6p 0 1 -1 0
fdp 0 0 1 -1
dhap 0 0 0 1
g3p 0 0 0 1
atp
atp
glc-D
adp h
g6p f6p
adp h
fdp
dhap
g3p
Map Stoichiometry matrix (S)
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produces necessary cellular components such as DNA, proteins, lipids. Subsequently, 
an optimization can be performed to select for that flux distribution(s) that maximize 
the flux through the biomass reaction. Hence, FBA is based on the assumption that 
species follow the strategy to maximize their biomass production flux given limiting 
nutrient uptake fluxes (see also chapter 6). FBA has been used in studying phenotypic 
behavior of single gene deletions, evolution of networks and metabolic engineering36-39. 
For example, it has been shown that minimal networks, as a result of reductive genome 
evolution (i.e. removal of genes), can be predicted by applying FBA40. Various other 
methods have been developed in line with FBA35. One of which is flux variability 
analysis (FVA) to analyze the robustness of the network41. The idea is to fix the flux 
through the biomass production reaction at the value obtained from a regular FBA or 
from experiments. Note that the solution space is reduced since many flux distributions 
will not lead to the particular biomass flux. Subsequently, the flux through each reaction 
in the network will be maximized and minimized. In such a way one can determine 
the range of flux values that do not change the objective (i.e. growth). It thus provides 
information on the tolerated flux change per reaction (i.e. robustness) in context of the 
whole network function.
 Another method is flux coupling analysis (FCA) which can be seen as 
an extension to FVA42. The interesting feature of FCA is that it allows one to infer 
characteristics of the relationship between two reactions in context of the whole 
network behavior. The whole idea is to fix the flux through one reaction and then 
maximize and minimize the other and vice versa. Let’s say we want to know the flux 
relationships between reaction A and B. We first constrain A with some finite flux value 
and maximize and minimize the flux through B. If the minimum and maximum flux 
through B is equal to that of A and this holds true vice versa (constraining B and max/
min A) then A and B are called fully coupled. The activity of one implies the activity 
of the other and vice versa (Figure 3). Let’s now look at another type of coupling. 
Constraining A with a finite flux value shows a finite minimum and maximum flux 
through B, but vice versa there is another situation. When constraining B the minimum 
flux of A is zero and the maximum flux is finite. Thus, a flux through A implies a flux 
Figure 2. Concept of constraint-based modeling of genome-scale metabolic networks. Application of con-
straints results in a solution space which represents all allowable flux states of the network.
1. Balance (S.v = 0)
System boundary
2. Capacity (vmin ≤ v ≤ vmax)
3. ......
v2
v 3
v1
Constraints
v3
v1
v2
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through B, but not the reverse (B can carry a flux while A does not). This type of flux 
relation is called directional coupling (Figure 3). Reactions are uncoupled when both 
reactions have no affect on each other (i.e. when constraining one, the flux of the other 
can freely vary). Inferring types of flux coupling is relevant in the interpretation of 
(functional) genomics data, as is illustrated in chapter 4 and 5.
Outline of thesis
 This thesis includes a set of bioinformatics studies about genome-scale 
metabolic networks and its applicability to analyze data from high-throughput 
techniques. An important preceding step in the application of metabolic networks is 
its construction (see above). Comparative genomic approaches of sequenced genomes 
play an important role in the construction process. For that reason a comparative 
genomic approach is evaluated in chapter 2, which has been used for a novel method 
to accelerate the construction of metabolic networks (chapter 3). Studies about 
metabolism in the light of regulation, genome evolution and adaptation are described 
in chapter 4, 5 and 6 . More specific highlights of the different chapters are outlined in 
the following sections.
 A comparative genomics study is presented in chapter 2 to evaluate the 
effect of gene duplication on function prediction by orthology. The question is raised 
whether one-to-one orthologs, which are most similar on sequence level, are indeed 
the most likely functional equivalents when duplicates exist. This is done by analyzing 
orthologs between pairs of genomes where in one genome the orthologous gene has 
duplicated after the speciation of the two genomes/species (called inparalogs). Gene 
neighborhood conservation is used as an indicator of functional equivalency. Although 
Figure 3. A hypothetical network with metabolites (nodes), reactions (arrows), and exchange reactions (ex) 
with the environment. Indicated are three types of flux coupling between reactions: i) A-B: directionally 
coupled, ii) B-C: fully coupled, and iii) C-D: uncoupled.
Ex2System boundary
Ex1 A B C D
Ex3
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the majority of investigated cases show that indeed the most similar orthologs at the 
sequence level conserve gene neighborhood, a substantial fraction does not.  
 A method is presented in chapter 3 to accelerate the reconstruction of 
genome-scale metabolic networks/models with comparative genomics and manually 
curated networks. 
In chapter 4 and 5 modeling is used to study global metabolic function. An 
integrative approach is presented in chapter 4, addressing the question to what extent 
transcriptional co-regulation of genes can be explained by systems properties of genome-
scale metabolic networks. Many studies have addressed the subject of regulation by 
static graph-theoretical descriptions of metabolic networks. In this study the metabolic 
networks of Escherichia coli and Saccharomyces cerevisiae have been modeled and 
we report a correlation between the type of flux coupling and co-regulation of genes 
at the level of operon organization, co-expression and transcription factor binding. 
Moreover, flux coupling and the graph-theoretical measure of shortest path distance 
were evaluated in the context of co-regulation with the conclusion that flux coupling 
explains co-regulation better. In chapter 5 it is further demonstrated that the concept of 
flux coupling can be used to explain specific patterns in functional genomics data. We 
questioned whether asymmetric relations between reactions (i.e. directional coupling) 
are reflected in evolution. For this we explored presence and absence patterns of 
proteins/reactions across species (also referred to as phylogenetic profiles) and their 
ancestral states. Moreover, we examined the occurrence of asymmetric relations in 
gene essentiality (effect of single gene knockouts on fitness/growth) and expression 
data across environmental conditions.
Finally, a view on the topic of metabolic adaptation is given in chapter 
6. Deciphering the adaptive properties underlying the structure and function of 
metabolic networks is one of the interests of network biology. Many properties can 
be inferred from networks, such as the global topology, flux states (distribution) 
and mutational robustness. Are these properties the result of adaptation, favored 
by selection? Evolutionary processes alternative to direct selection on the property 
under investigation could also play a role, but are often ignored. For example, certain 
systems-level traits might simply arise as by-products of selection on other traits. We 
review metabolic network properties in the light of adaptations and by-products and 
propose future strategies to investigate metabolic adaptations. 
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Abstract
 A key complication in comparative genomics for reliable gene function 
prediction is the existence of duplicated genes. To study the effect of gene duplication 
on function prediction, we analyze orthologs between pairs of genomes where in one 
genome the orthologous gene has duplicated after the speciation of the two genomes 
(i.e. inparalogs). For these duplicated genes we investigate whether the gene that is 
most similar on the sequence level is also the gene that has retained the ancestral gene-
neighborhood. Although the majority of investigated cases show a consistent pattern 
between sequence similarity and gene-neighborhood conservation, a substantial 
fraction, 29-38%, is inconsistent. The observation of inconsistency is not the result of 
a chance outcome owing to a lack of divergence time between inparalogs, but rather 
it seems to be the result of a chance outcome caused by very similar rates of sequence 
evolution of both inparalogs relative to their ortholog. If one-to-one orthologous 
relationships are required, it is advisable to combine contextual information (i.e. gene-
neighborhood in prokaryotes and co-expression in eukaryotes) with protein sequence 
information to predict the most probable functional equivalent ortholog in the presence 
of inparalogs.
Introduction
 Comparative genomics has become an important research area in the wake 
of the large number of sequenced genomes that have become available in recent 
years. The comparison of genomes is of great importance in the prediction of gene 
function and to study the evolution of genomic properties such as gene-neighborhood. 
These comparative studies rely on homology and increasingly on orthology, because 
orthologs originated from a single gene in the last common ancestor by speciation1.
  The Bidirectional Best Hit (BBH) method is a widely used homology based 
procedure for orthology that, in general, results in a single gene in one genome being 
predicted to be the ortholog of a single gene in the other genome. The BBH method 
has been applied in various function prediction studies, such as the construction of a 
conserved co-expression network and the prediction of regulatory motifs2,3. However, 
one major complication in the BBH method exists when gene duplication events have 
occurred after the speciation of the two genomes under investigation. To distinguish 
these gene duplicates from more ancient and hence presumably more functionally 
diverged duplicates, Sonnhammer and Koonin4 coined the phrase inparalogs for 
duplicated genes after a speciation event. Both these inparalogs are then orthologous 
to a single gene in the other species (referred as co-orthology). By only using BBH 
many of such truly orthologous relations will not be detected, and hence computational 
methods have been developed to include inparalogs5,6. Despite the availability of 
methods that include inparalogs, scientists often use these programs in such a way 
that genes (still) only have one ortholog, thereby effectively resorting to BBH-like 
heuristics and ignoring small differences in sequence similarity of inparalogs to their 
ortholog7. The intuitive idea behind this approach seems logical, because duplication 
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21
can lead to a differentiation process in which only one of the two inparalogs retains 
the ancestral function. It is expected that in such cases the most similar inparalog 
(to the single-ortholog) is the one that has retained that ancestral function. However, 
especially for small differences in sequence similarity in a large sequence space, this 
intuitive idea may not be correct: both inparalogs, or even only the less similar one, 
might carry out the ancestral function. 
 In order to study whether or not inparalogs have retained the (ancestral) 
function, we can use methods that map gene function on a genome-wide scale, such as 
co-expression or genomic context methods8-10. Although these methods are indicators 
of biological process11, rather than molecular function, it gives useful insights into 
the function of recently duplicated genes. For example, in a study that measured the 
conservation of co-expression, inparalogous genes were detected to often have diverged 
in terms of their co-expression: one of the duplicates retained co-expression, while the 
other did not12. Here, we use gene-neighborhood conservation as the genomic context 
method, to study the relationship between gene function and sequence evolution of 
recent gene duplicates. Gene-neighborhood provides very strong signals for functional 
association between gene products within and between species8,13-15. 
 In this analysis we addressed whether genes that are the most similar on the 
sequence level are also the ones that have retained the ancestral gene-neighborhood 
and hence are likely to function in the same biological process as their ortholog. 
Surprisingly, we have found in 29-38% of investigated co-ortholog relationships 
that the less similar gene pair retained the ancestral gene-neighborhood. Therefore, 
the BBH does not necessarily correspond to contextual information (biological 
process). Although, the majority of cases show a consistency between BBH and gene-
neighborhood conservation, it is advisable to combine contextual information with 
protein sequence information to predict the most likely functional equivalent ortholog 
in the presence of inparalogs. 
Methods
Co-orthology detection
 Our approach to investigate if there is a relationship between protein sequence 
similarity and gene-neighborhood conservation is based on co-orthology detection by 
the Inparanoid algorithm, using the default settings. Inparanoid constructs co-ortholog 
groups by applying a specific clustering algorithm to assign inparalogs to existing 
BBH pairs. This clustering algorithm is based on the assumption that inparalogs are 
more similar to each other than to any other sequence from the other genome5. 
Data set of genomes
 We used the Genbank genomes of species at varying phylogenetic distances, 
including four Archaea (Archaeoglobus fulgidus DSM 4304, Halobacterium sp. NRC-
1, Methanocaldococcus jannaschii DSM 2661 and Sulfolobus solfataricus P2), four 
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Gram-positive bacteria (Lactobacillus plantarum WCFS1, Lactococcus lactis IL1403, 
Bacillus cereus ATCC 14579 and Bacillus subtilis subsp. subtilis str. 168) and four 
Proteobacteria (Escherichia coli K12, Pseudomonas aeruginos PAO1, Helicobacter 
pylori J99 and Caulobacter crescentus CB15). The genome information was taken 
from the NCBI database (ftp://ftp.ncbi.nlm.nih.gov/genomes/Bacteria/).
Gene-neighborhood conservation for function prediction
 We used gene-neighborhood conservation to predict functional equivalency 
(with regard to biological process) between orthologs. For each ortholog pair we parsed 
the Genbank files to obtain two clusters of genes (one for each ortholog), consisting 
of three genes 5’ and three genes 3’ of the query ortholog. We then counted the total 
number of ortholog pairs present in both clusters, resulting in a score scaled from 0 (no 
conservation) to 6 (complete conservation), irrespective of the precise gene order or 
the relative direction of transcription.
Data set of co-ortholog groups and comparison of gene-neighborhood 
conservation 
 In order to measure the evolution of gene-neighborhood relative to the sequence 
evolution we specifically extracted the two-to-one (2:1) co-ortholog groups from the 
Inparanoid outputs (for the total number of many-to-many orthologous relationships 
see Table 1). These groups consist of a BBH and one additional inparalog, which is the 
Second Best Hit (SBH) of the unique gene from the other genome (single-ortholog)
(Figure 1). Subsequently, the number of neighboring orthologs for each ortholog pair 
within the co-ortholog group was compared. This comparison was done for all 2:1 
co-ortholog groups obtained from several pairwise genome-comparison data sets; 1) 
Gram-positive bacteria, 2) Proteobacteria, 3) Archaea, 4) Gram-positive bacteria and 
Proteobacteria, 5) Gram-positive bacteria and Archaea, 6) Proteobacteria and Archaea 
and 7) Gram-positive bacteria, Proteobacteria and Archaea.
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x/y 1 2 3 4 5 > 6
1 38 560 5072 923 291 110 124
1482556717822
42912813
11734
1105
> 86
Table 1. Number of x-to-y pairwise orthologous relationships in total data set
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Results
Consistency and inconsistency between sequence similarity and gene-neighborhood 
conservation 
 To measure the evolution of inparalogs, within two-to-one co-ortholog groups, 
we classified and counted the occurrences of various possible evolutionary outcomes 
in terms of gene-neighborhood conservation and sequence similarity (Figure 2). We 
are specifically interested in those cases where one of the two inparalogs has lost all 
traces of the ancestral gene-neighborhood while the other still retains it. We expect 
that the inparalog that has retained the ancestral gene-neighborhood is the preferred 
copy for the biological process that this chromosomal gene cluster performs. Such 
cases raise the question how the relative sequence similarity of the inparalogs (which 
is an important parameter in orthology detection) relates to retaining the ancestral 
gene-neighborhood. In order to analyze this, we refer to the inparalog with the highest 
similarity as the BBH and the inparalog with the lowest similarity as the SBH (Second 
Best Hit of the single-ortholog). Inconsistencies are then defined as cases where the 
SBH has a conserved gene-neighborhood while at the same time the BBH does not and 
vice versa for the consistencies. Although the majority of investigated cases show a 
consistent pattern between sequence similarity and gene-neighborhood conservation, 
a substantial fraction, 29-38%, does not (Figure 3). 
 Although the number of observed inconsistencies varies between the several 
genome-comparison data sets, the percentages of inconsistencies are similar. Therefore, 
inconsistencies are not limited to specific genome comparisons. Furthermore, 
consistencies and inconsistencies are also found in which both BBH and SBH have 
B.c B.s2
B.s1
Bidirectional Best Hit 
(BBH)
Second Best Hit
(SBH)
Duplication Speciation
Figure 1. Two-to-one (2:1) co-ortholog relationship between Bacillus cereus (B.c) and Bacillus subtilis 
(B.s). The number of neighboring orthologs for the BBH and the SBH were compared.
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a conserved gene-neighborhood, but with unequal numbers (class 3 and 4, Figure 2). 
Because the total number of such cases is lower, the variance in the percentage of 
inconsistencies is larger: 13-61%.
Inconsistencies are not caused by inparalog detection artifacts 
 It is known that relative BLAST hits do not necessarily reflect the actual 
evolutionary history of genes. One type of event that is likely to be a problem is an 
ancient gene duplication which has taken place before speciation, resulting in what 
is referred to as outparalogs4. It is possible that BLAST hit driven methods call two 
G+ 72 37 11 15 396 47
P 50 29 10 4 337 56
A 32 13 7 1 254 38
G+ and P 136 85 13 20 1219 103
G+ and A 52 31 13 14 822 68
P and A 44 25 19 8 687 55
Total 386 220 73 62 3715 367
1) 2) 3) 4) 5) 6)
Duplication Speciation
 
Figure 2. Number of co-ortholog groups per class for several genome-comparison data sets; 1, only the 
BBH has a conserved gene-neighborhood; 2, only the SBH has a conserved gene-neighborhood; 3, unequal 
number of conserved neighboring genes, but BBH conserves a higher number; 4, unequal number of con-
served neighboring genes, but SBH conserves a higher number; 5, no gene-neighborhood conservation; and 
6, equal number of conserved neighboring genes. The genome-comparison data sets include species from 
Gram-positive bacteria (G+), Proteobacteria (P) and Archaea (A). Note that the 2:1 co-ortholog relationships 
in which the inparalogs are 100% identical on the sequence level are excluded (owing to BBH and SBH 
definition).
Archaea
Gram-positive 
bacteria Proteobacteria
34%
29%
37%
38%
37% 36%
36%
 
Figure 3. Percentage of inconsistency for the several genome-comparison data sets. An inconsistency is 
found when the SBH (sequences with relatively the lowest sequence similarity) has a conserved gene-
neighborhood in contrast to the BBH.
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genes co-orthologous to a single-ortholog (thus inparalogs), while in fact, according 
to phylogenetic tree reconstruction, one of them is an outparalog and the other is a 
real one-to-one ortholog (Figure 4). This kind of difference between relative BLAST 
hits and trees are to a certain level expected because both methods are based on 
different approaches. For example, Inparanoid (BLAST hit driven approach) has 
been specifically designed for large-scale pairwise genome comparisons, based on 
relatively little sequence information. In contrast, more sequence information from 
multiple species is used in phylogenetic tree reconstruction, but reliable (large-scale) 
automatic procedures are not yet available. We performed several phylogenetic tree 
reconstructions to check if our cases of inconsistency could possibly be due to ‘relative 
BLAST hit’ artifacts. COG, MUSCLE and PHYML were used for the phylogenetic tree 
Figure 4. Example of an outparalog relationship. Two paralogs from B.subtilis (mmgD and citZ) are inparal-
ogs relative to prpC of E.coli, according to Inparanoid. However, the phylogenetic tree shows an outparalog 
relationship between mmgD and citZ, because the duplication event took place before speciation to B.subtilis 
and E.coli. Therefore, citZ is not orthologous to prpC. To construct the phylogenetic tree, we first selected 
from the COG database the specific COG to which mmgD, citZ and prpC belong6. All homologs, included in 
this specific COG, were used as input for MUSCLE to construct a multiple sequence alignment16. Finally, the 
phylogenetic tree was constructed, from the multiple sequence alignment, using the PHYML algorithm17.
Outparalogs
1:1 orthologs
0.2
gltA P. multocida
gltA N. meningitidis
gltA P. aeruginosa
gltA E. coli
VCh2092 V. cholerae
citZ B. halodurans
citZ B. subtilis
mmgD B. halodurans
mmgD B. subtilis
VCh1337 V. cholerae
prpC P. aeruginosa 
prpC E. coli
prpC N. meningitidis
Duplication Speciation
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reconstructions (for details see Figure 4)6,16,17. We tested an equal number of randomly 
selected consistencies and inconsistencies from the total data set to confirm whether 
the recent gene duplicates are also inparalogs according to the phylogenetic tree. The 
number of confirmed inparalogs from the test set appeared to be high (85%) and, more 
importantly, almost equally distributed among consist and inconsistent cases (9 and 
8 out of 10, respectively). The inconsistencies are thus not likely to be the result of 
deficiencies of our applied large-scale method (Inparanoid).
Inconsistencies are not caused by a lack of divergence time
 To analyze the possible cause of the inconsistencies, we have investigated 
the percentage of sequence identity between inparalogs within consistencies and 
inconsistencies. This sequence identity is a measure of how recent the duplication 
events are. If the inparalogs are highly identical on the amino acid sequence level, 
the inconsistencies could be observed because of a chance difference due to a lack of 
sufficient divergence time. The analysis reveals that our observation of inconsistencies 
is not the result of this particular explanation, because the majority of the inparalogs are 
diverged to a high extent (Figure 5A). In fact, for the few cases of recently duplicated 
genes the ratio between consistency and inconsistency is closer to 50%, supporting the 
prediction that a lack of sufficient divergence time between the duplicates can cause 
inconsistencies by chance. The observed high level of divergence between duplicated 
genes could suggest a possible functional differentiation with respect to their biological 
process and/or molecular function18. 
Sequence evolution of inparalogs relative to their single-ortholog 
 An interesting question regarding the inparalogs is whether or not gene 
duplicates are differentiated with respect to their molecular function, but more 
importantly, if this is different for consistencies and inconsistencies. Although no 
direct measurement of molecular function is available on a genomic scale, we can 
indirectly investigate this from the sequence divergence of inparalogs relative to their 
single-ortholog in the other genome. Figure 5B and 5C show that within the consistent 
and inconsistent cases both inparalogs are of comparable similarity to their single-
ortholog. We thus observe little asymmetry in the rate of sequence evolution between 
gene duplicates, which has also been described in previous studies18,19. As Inparanoid 
is not, in general, able to detect inparalogs with large sequence differences (to their 
single-ortholog), a small difference is to a certain level to be expected. However, 
we observed a tendency towards an even smaller difference between inconsistent 
inparalogs (Figure 5B), suggesting that the inconsistent inparalogs have retained the 
same molecular function. This is supported by the fact that the majority of accepted 
amino acid substitutions in sequence evolution are only subject to purifying (or 
negative) selection while very few substitutions are positively selected and alter the 
molecular function of a gene (such as cofactor preference)20. In spite of this, it cannot 
completely be excluded that a change in molecular function has occurred. Such a 
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paralogs. All plots are constructed from the total 
genome-comparison dataset, including Gram-posi-
tive bacteria, Proteobacteria and Archaea. (A) Fre-
quency of consistent (most similar inparalog has 
a conserved gene-neighborhood) and inconsistent 
cases (less similar inparalog has a conserved gene-
neighborhood) at different levels of sequence iden-
tity between inparalogs. Nine co-ortholog groups 
were found in which the inparalogs show 100% se-
quence identity. These are not included in this plot, 
because both inparalogs are in fact BBHs. There-
fore, a consistency or inconsistency, as defined, 
cannot be determined. (B) Relative frequency of 
consistent and inconsistent cases at different levels 
of sequence identity difference between inparalogs 
to their single-ortholog. The sequence identity dif-
ference is calculated by subtracting the percentage of sequence identity between the BBH and the SBH. (C) 
Sequence similarity, expressed in BIT scores, between the single-ortholog and both inparalogs. The inpara-
log which is located in a conserved gene-neighborhood is plotted on the X-axis. Therefore, the consistencies 
are positioned underneath the line y = x.
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change normally only depends on a small number of amino acid substitutions20, which 
easily remains undetected against the background of many substitutions (at least 
with methods like BLAST). In the following sections we will show three examples 
of functional differentiation between inconsistent inparalogs that have been partly 
experimentally characterized. 
Rfb and rff gene cluster
 The E. coli genome contains the two gene clusters (operons) rfb and rff, each 
containing one member of the inparalogous pair rfbB and rffG (Figure 6). RfbB and 
RffG are known to both catalyze the same biochemical reaction (dTDP-D-glucose 
↔ H2O + dTDP-4-dehydro-6-deoxy-D-glucose), but are involved in two different 
biological processes21. Genes in the rfb gene cluster (genes: rfbB, rfbD, rfbA, rfbC) 
are involved in the biosynthesis of O-specific polysaccharides, which are components 
of the membrane-localized lipopolysaccharide (LPS). In contrast, genes in the rff gene 
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cluster are involved in the complex biosynthesis of enterobacteria common antigen, 
which is located in the outer membrane. L. lactis contains only the rfb gene cluster 
(genes: rmlA, cpsM, rmlB and rmlC). E.coli rffG (part of the rff gene cluster) and L. 
lactis rmlB (part of the rfb gene cluster) are BBHs, despite the fact that they are part of 
two different biological processes. In fact, E. coli rfbB and L. lactis rmlB (SBH pair) 
are the most reliable functional equivalents, because these two genes have a conserved 
gene-neighborhood (rfb gene cluster, Figure 6). In this example, the BBH does not 
represent the functional equivalent in terms of biological process. 
Gab gene cluster
 Both E. coli and B. cereus contain the gene gabT, which codes for a 
4-aminobutyrate transaminase. This enzym is part of the 4-aminobutyrate-degradation 
pathway. A neighboring gene of gabT on the E.coli and B.cereus genome is gabD, 
which is also necessary to degrade 4-aminobutyrate to succinate. Both genes are under 
a complex regulation process, induced by stress conditions, and are reported to be 
cotranscribed22,23. However, gabT of B. cereus and goaG of E. coli are BBHs in a 
pairwise genome comparison. GoaG is not known to be involved in a biochemical 
reaction or pathway and it does not have conserved neighboring genes on the genome. 
In contrast, the gabT genes of E.coli and B.cereus are detected as a SBH pair, but they 
are both flanked by gabD. It is clear that the SBH, instead of the BBH, represents the 
most likely functional equivalents.
Prp gene cluster
 The prp gene cluster in E. coli codes for enzymes involved in the methylcitrate 
cycle, in which propionate is degraded to pyruvate and succinate (Figure 7). The 
cluster contains prpC that codes for a 2-methylcitrate synthase. From biochemical 
studies it is known that PrpC has affinity for both acetyl-CoA and propionyl-CoA. 
Propionyl-CoA is converted to 2-methylcitrate by 2-methylcitrate synthase (EC 
4.1.3.31), whereas acetyl-CoA is converted to citrate in the citric acid cycle by citrate 
L. lactis
E. coli
rmlA cpsM rmlB rmlC
rfbB rfbD rfbA rfbC rffGrfe wzzE wecB wecC rffH wecD wecE wzxE
rfb cluster rff cluster
 
Figure 6. Genome comparison between E.coli and L.lactis: the rfb and rff gene cluster. The rff gene cluster 
is not found in L.lactis by the applied ortholog detection method (Inparanoid). Bidirectional and unidirec-
tional arrows indicate a BBH and a SBH, respectively. The rff gene cluster is directly flanked by transcrip-
tion termination signals (predicted by Transterm34).
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synthase (EC 2.3.3.1). Moreover, it has been shown that 2-methylcitrate synthase and 
citrate synthase are regulated independently, because 2-methylcitrate synthase is only 
activated during growth on propionate, thereby supporting a functional difference24. 
 However, two inparalogs of B. subtilis (citZ as part of a BBH and mmgD 
as SBH) are found in a comparison with E. coli. The citZ gene is annotated and 
experimentally verified as a citrate synthase25. MmgD is also annotated as a citrate 
synthase, but there is no experimental evidence. The BBH does not show any gene-
neighborhood conservation, whereas the SBH does. A functional equivalency between 
prpC and mmgD, instead of prpC and citZ, is therefore very likely (Figure 7A and 
B). Moreover, icd and mdh are direct neighbors of citZ and are annotated as isocitrate 
dehydrogenase and malate dehydrogenase, respectively. The metabolic product of 
malate dehydrogenase is oxaloacetate, which is the substrate of CitZ. Furthermore, 
the metabolic product of isocitrate dehydrogenase, α-ketoglutarate, is known to be 
a competitive inhibitor of CitZ26. This biochemical knowledge clearly indicates a 
functional association between the three neighboring genes citZ, icd and mdh, as part 
of the citric acid cycle.
 Sequence alignment between the inparalogs, citZ and mmgD, shows a 43% 
sequence identity. This is an indication that the duplication event was not very recent, 
so that there was actually time for functional differentiation of the inparalogs (CitZ as 
E. coli
B. subtilis yqiQ mmgE mmgD
prpB prpC prpD
citZmdh icd
A 
propionate propionyl-CoA  2-methylcitrate
2-methyl-cis-aconitatemethylisocitrate
succinate + pyruvate
pr
pD
acs prpC
acnB
prpB
 B
Figure 7. (A) Co-orthology relationship between prpC of E.coli, mmgD and citZ of B.subtilis. mmgD is 
the SBH of prpC (unidirectional arrow), whereas citZ and prpC are BBHs (bidirectional arrow). prpC and 
mmgD show, in contrast to the BBH, conservation of neighboring genes, which are all involved in the 
methylcitrate cycle. citZ is part of the citric acid cycle and is therefore not functional equivalent to prpC, for 
details see text. (B) The neighboring genes prpB, prpC and prpD are indicated on the biochemical map of 
the methylcitrate cycle. The metabolic information is taken from Ecocyc (http://ecocyc.org/).
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part of the citric acid cycle instead of the methylcitrate cycle). Careful examination 
of a phylogenetic tree of this homologous family revealed that there is an outparalog 
relationship between citZ and mmgD (event of gene duplication took place before 
speciation to E. coli and B. subtilis) rather than an inparalog relationship proposed 
by the Inparanoid method (Figure 4). This example shows not only an inconsistent 
pattern between sequence similarity and gene-neighborhood conservation, but also 
inconsistency between relative BLAST hits and phylogenetic tree reconstruction. In 
fact, the tree indicates a one-to-one ortholog relationship between mmgD and prpC, 
which are according to gene-neighborhood conservation also the most likely functional 
equivalents. This supports our message that protein sequence information should be 
combined with contextual information to predict the true functional equivalents in 
cases of inparalogs, especially when these are obtained from ‘relative BLAST hit’ 
methods. 
Discussion
One-to-one orthology versus gene-neighborhood conservation  
 We have studied how often the functional equivalents, according to gene-
neighborhood conservation, are also the genes that are the most similar at the amino acid 
sequence level. Although in many cases there is conservation of gene-neighborhood 
between the detected BBHs (in the presence of inparalogs), it is surprisingly not true in 
all cases. We have found in 29-38% of the cases that only the less similar ortholog pair 
(SBH) has a conserved gene-neighborhood. Therefore, in a substantial fraction, the 
most likely functional equivalents are the genes in a SBH pair instead of the BBH. 
Evolutionary tracks of gene duplicates in terms of biological process
 As most of the duplication events are not recent (Figure 5A), the duplicates are 
expected to have differentiated to some degree as is also suggested by the differential 
retention of the ancestral gene-neighborhood. Specifically, it is interesting whether 
one of the gene duplicates is now active in a completely distinct biological process 
(i.e. neofunctionalization with respect to the process) or whether it is still active in the 
same biological process (i.e. subfunctionalization within the process27,28). We therefore 
investigated the new genomic context of ‘inconsistent’ inparalogs in E. coli in relation 
to the ancestral context as defined by the single-ortholog. We took E. coli, because 
the transcriptional organization of its genome is well characterized (e.g. operons). 
Seventeen inconsistent cases were amenable to analysis. In 10 cases, both ‘inconsistent’ 
inparalogs are part of two different operons which are active in the same general 
biological process, according to the COG functional classification. In contrast, only 
2 ‘inconsistent’ inparalogs are in a context that clearly indicates a different biological 
process: the members of one operon are classified in different COG functional categories 
compared to the members of the second operon. Most inconsistent inparalogs seem 
thus to have undergone subfunctionalization rather than neofunctionalization. The 
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remaining 5 cases included inparalogs which were classified as a transcriptional unit 
consisting of one gene. We suspect that these isolated inparalogs are still functionally 
associated to their ancestral components, but active under specific cellular conditions. 
The importance of such differential regulation (activation under different conditions) of 
genes that catalyze similar reactions in large-scale biological networks has previously 
been shown by Ihmels and coworkers29. We have, for example, observed individual 
genes, such as substrate binding proteins of ATP-binding cassette (ABC) transporter 
systems, which do not reside in a gene cluster with other essential ABC transporter 
components. It is possible that such a solitary substrate binding inparalog codes for 
a protein with slightly altered substrate specificity, but which still use the ancestral 
ABC transport system to transport external substrates under specific conditions (see 
supplementary material at Nucleic Acids Research website for an example). 
Why do we observe inconsistencies?
 It is very likely, and for a number of cases we have documented, that inparalogs 
which have lost the ancestral gene-neighborhood are not the preferred copy for their 
ancestral process and have subfunctionalized within the same general process or have 
even neofunctionalized. However, the gene duplicates with a different context can be 
more similar to the single-ortholog on the sequence level, which raises the questions: 
what does this imply for the molecular function of ‘inconsistent’ inparalogs and why 
do we observe these inconsistencies? As we observe little difference of inparalogs to 
their single-ortholog and an even a smaller difference for the inconsistent inparalogs, 
it suggests that both inparalogs have a very similar molecular function. Nevertheless, it 
cannot be excluded that substantial changes in molecular function have occurred in the 
evolution of these inconsistent inparalogs, given that only one amino acid substitution 
can change for example the substrate specificity of an enzyme20. A change in the 
molecular function of inconsistent inparalogs could negatively contribute to the fitness 
of a given species (because the inparalog is still in the conserved gene-neighborhood), 
which would imply that more inconsistencies are observed for populations with a 
low or even a negative selection co-efficient. We tested this effect by comparing the 
inconsistency percentage to the ‘selected codon usage bias’ as a measure of the strength 
of selection in that species30. To our surprise we did not find this effect. Instead there is no 
observable correlation between selection strength and the percentage of inconsistency, 
although we might have too few species to detect any such trend even if it exists (see 
supplementary material at Nucleic Acids Research website). Given our inability to 
detect any correlation, let alone a significant negative correlation, it seems likely that 
most of our inparalogs have a very similar molecular function. Any inconsistencies 
are then a chance outcome: both duplicates have diverged, but at (roughly) the same 
evolutionary speed (Figure 5B and 5C). Such a similar rate of sequence evolution has 
previously been demonstrated, at least for recent gene duplicates18, and occurs because 
most amino acids substitutions have only been subject to purifying selection and not to 
adaptive selection20. 
Chapter 2
32
Implication of co-orthology on function prediction
 Our large-scale analysis and the experimentally characterized cases confirm 
that orthology detection by BBH can negatively influence function predictions when 
gene-neighborhood conservation and co-orthology are not considered. The occurrence 
of inparalogs is an issue for at least 16% of the genes in pairwise species comparisons 
(Table 1), but it is even more important for group orthology schemes, such as COG, 
where virtually no orthologous group consists of only one gene per species. The 
importance of including inparalogs was also recently shown for increasing the accuracy 
in operon predictions31. However, the evolutionary fate of the investigated inparalogs 
with respect to their ancestral function is still not completely known (several possible 
functional diversification scenarios do exist, as recently discussed by Hughes27). 
Therefore, in line with the original (evolutionary) definition of orthology one should 
include inparalogs and take both genes as equal likely candidates for function prediction. 
If one insists to pinpoint a functional equivalent inparalog, gene-neighborhood should 
be combined with protein sequence conservation. By such a combination one should 
take into account that the inparalog which is located in a conserved gene-neighborhood 
is likely to be the preferred copy for the ancestral process. In cases where gene-
neighborhood conservation is absent (like in eukaryotes) the general principle of 
contextual information can still be applied to increase the accuracy of function 
prediction. There is sufficient contextual information available for eukaryotes, e.g. 
co-expression data sets and predicted transcription factor binding sites. Other types 
of functional information are interactions from proteomics, evolutionary conservation 
of gene fusion and literature mining. In fact, some of these other types of contextual 
information (i.e. protein-protein interactions and microarray derived co-expression) 
have recently been used to study the functional differentiation of duplicated genes in 
eukaryotes32,33. As a result of many upcoming functional genomic studies, including 
genome sequencing projects as well as high-throughput co-expression and protein-
protein interaction analysis, the importance of contextual information in gene function 
prediction will rapidly increase. 
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Abstract
 Background. The genomic information of a species allows for the genome-
scale reconstruction of its metabolic capacity. Such a metabolic reconstruction 
gives support to metabolic engineering, but also to integrative bioinformatics and 
visualization. Sequence-based automatic reconstructions require extensive manual 
curation, which can be very time-consuming. Therefore, we present a method to 
accelerate the time-consuming process of network reconstruction for a query species. 
The method exploits the availability of well-curated metabolic networks and uses 
high-resolution predictions of gene equivalency between species, allowing the transfer 
of gene-reaction associations from curated networks.
 Results. We have evaluated the method using Lactococcus lactis IL1403, 
for which a genome-scale metabolic network was published recently. We recovered 
most of the gene-reaction associations (i.e. 74 - 85%) which are incorporated in the 
published network. Moreover, we predicted over 200 additional genes to be associated 
to reactions, including genes with unknown function, genes for transporters and genes 
with specific metabolic reactions, which are good candidates for an extension to the 
previously published network. In a comparison of our developed method with the well-
established approach Pathologic, we predicted 186 additional genes to be associated to 
reactions. We also predicted a relatively high number of complete conserved protein 
complexes, which are derived from curated metabolic networks, illustrating the 
potential predictive power of our method for protein complexes.
 Conclusions. We show that our methodology can be applied to accelerate 
the reconstruction of genome-scale metabolic networks by taking optimal advantage 
of existing, manually curated networks. As orthology detection is the first step in the 
method, only the translated open reading frames (ORFs) of a newly sequenced genome 
are necessary to reconstruct a metabolic network. When more manually curated 
metabolic networks will become available in the near future, the usefulness of our 
method in network prediction is likely to increase.
Background
 In recent years, genome sequencing projects have enormously increased our 
molecular understanding of biological capabilities of organisms. For many research 
areas, such as biotechnology and biomedical research, the metabolic capacities of 
cells are highly relevant. On the basis of the functional annotation of predicted genes, 
genome-scale metabolic networks can be reconstructed1-3. An increasing collection of 
methods is available to analyze the properties of these networks, both from a graph-
theoretical point of view4-7 as well as from a metabolic engineering point of view8,9. 
Genome-scale metabolic networks are also increasingly being used in integrative 
bioinformatics10,11. As a metabolic network consists of associations between genes and 
metabolic reactions, it can be used to study the cellular properties of the organism by 
integrating functional genomics data, such as gene expression and proteomics (the 
goal of systems biology). The importance of integration has recently been shown in 
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various studies on the topology, dynamics and evolution of metabolic networks12-14. 
Unfortunately, the reconstruction process can be very time-consuming. To a certain 
extent the effort depends on the level of detail that is required for the purpose of 
the reconstruction. A metabolic network can be used as an encyclopedia in order to 
present enzymes in their metabolic context2. In this particular case it is not essential to 
include the exact reaction stoichiometry to analyze functional genomics data (e.g. gene 
regulation). Extensively curated metabolic encyclopedias can be found in the so-called 
BioCyc collection, including EcoCyc and the recently developed LacplantCyc15-17. On 
the other hand, the reaction stoichiometry is important for most quantitative modeling 
purposes, such as flux balance analysis (FBA), in which constraints are defined by 
the stoichiometry and are used to optimize for a certain flux (e.g. biomass production; 
for review8). In the past few years, several of such metabolic networks for modeling 
purposes have been constructed1,18-22. 
 The metabolic network reconstruction procedure usually starts with functional 
annotation of genes encoded on the genome of a certain species of interest (reviewed 
by2). Functional annotation is mainly done by homology searches against protein/
enzyme databases23-25. Several computational methods, such as Pathologic (part 
of Pathway Tools), have been developed to automate the reconstruction procedure 
by linking reactions and pathways to the annotated genes (also referred to as gene-
reaction associations)26,27. As a consequence, the quality of such an automatically 
generated metabolic network will highly depend on the quality of the annotation. 
Recently, methods have also been developed to automate the functional annotation and 
network reconstruction for unannotated genomes28,29. In spite of the promising work on 
developing computational methods to automate the reconstruction of (genome-scale) 
metabolic networks, in all cases manual curation is still needed, which is the most 
time-consuming part1,2. 
 Incomplete EC-codes and annotation errors in protein databases are likely 
to be the main cause of errors that arise from homology based computational 
methods2,30. It is, therefore, important to correct these errors by manual investigation 
of the predictions. Pathologic, for example, is specifically designed to predict as much 
metabolic information as possible for a given species, with the idea to curate the 
predictions afterwards27. In order to validate the predictions by computational methods, 
existing manually curated metabolic networks can be used. The main advantage of 
these curated metabolic networks is that errors caused by misannotation in protein 
databases and thereby incorrect or incomplete labeling of metabolic function, have 
been corrected. Moreover, specific gene function annotations (e.g. transport system 
components and annotations made by pathway analysis10), specific reactions (e.g. not 
present in KEGG) and potentially protein complex definitions are other promising 
features of manually curated networks which can be used as a source to predict and/or 
to validate metabolic networks. 
 Here, we describe a semi-automatic approach to accelerate the process of 
genome-scale metabolic network reconstruction by taking full advantage of already 
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manually curated networks. The developed method, referred to as the AUTOGRAPH-
method (AUtomatic Transfer by Orthology of Gene Reaction Associations for Pathway 
Heuristics), is applied to the annotated genome of Lactococcus lactis IL1403. To evaluate 
the AUTOGRAPH-method, we compared predicted gene-reaction associations with a 
manually curated and published metabolic network of L. lactis IL1403, which we will 
refer to as the Oliveira network31. The AUTOGRAPH-method recovered most of the 
gene-reaction associations (74 - 85%) and we predicted many additional gene-reaction 
associations. The results illustrate the predictive power of the AUTOGRAPH-method, 
which may also be applied to unannotated genomes.
Results
 We applied the AUTOGRAPH-method (see Figure 1 and methods for details) 
to the genome of Lactococcus lactis IL140332 using three manually curated metabolic 
networks as input, i.e. a network from Escherichia coli K1222, Lactobacillus plantarum 
WCFS1 (manuscript in preparation, see also17) and Bacillus subtilis33. In total, we 
predicted 525 genes of L. lactis to be associated to 416 different reactions (additional 
file 1 at BMC Bioinformatics website). To validate these results we compared the 
predicted metabolic network with the Oliveira network31 by examining gene-reaction 
associations in both networks. 
Figure 1. Schematic representation of the AUTOGRAPH-method. The method consists of two parts, A and 
B. Part A includes the orthology prediction between genes of the query genome and the reference genomes 
from which there is a manually curated metabolic network available. In part B the gene-reaction associations 
are extracted from the manually curated networks. Subsequently, orthology will be combined with the gene-
reaction association data. This allows reaction transfer to genes of the query genome.
Input genes 
of query 
genome
Input genes of 
reference 
genomes
Orthology 
prediction
Input curated net -
works of reference 
genomes
(A) (B)
Retrieve 
gene-reaction 
associations
Transfer reactions 
to genes of query 
genome 
Establish link 
between orthologs 
and reactions 
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AUTOGRAPH versus Oliveira network
 We could recover 349 genes from the Oliveira network (see methods), 
involving 464 gene-reaction associations. Gene-reaction associations are one-to-one 
relationships between genes and metabolic reactions. One single gene can be involved 
in multiple gene-reaction associations, as certain gene products (i.e. enzymes) are able to 
catalyze multiple reactions (see Figure 2 for an example). We found that 342 (i.e. 74%) 
of the Oliveira gene-reaction associations were also predicted by the AUTOGRAPH-
method (referred to as confirmed associations in the remaining of the text). 122 were 
not predicted by AUTOGRAPH. Therefore, we investigated and categorized these 
associations into three groups: (I) L. lactis genes that are organism-specific compared 
to E. coli, B. subtilis and L. plantarum (in 19% of the 122 cases). As a consequence, 
it is not possible to predict orthologs and metabolic reactions. (II) Predicted orthologs 
were lacking reaction associations in the input networks of E. coli, B. subtilis and L. 
plantarum (in 29% of the 122 cases). Absence of metabolic reactions within the input 
networks is related to specific choices made by curators during modeling studies. A 
lack of detailed experimental evidence is one reason to exclude reactions. For example, 
the aspartate aminotransferase of L. lactis (gene name: aspC) is orthologous to yfbQ of 
E. coli, but yfbQ has not been incorporated within the E. coli metabolic network due to 
a lack of experimental evidence (according to the Ecocyc database16; note that there is 
an aspartate aminotransferase in L. lactis,  gene name: aspB, which has been predicted 
by AUTOGRAPH). (III) Additional reactions were associated to genes in the Oliveira 
network compared to the equivalent genes in the input networks (in 52% of the 122 
cases, see Figure 2). For example, the L. lactis aromatic amino acid aminotransferase 
(gene name: araT) is an enzyme with broad substrate specificity, which has been 
Figure 2. Example of differences in gene-reaction associations between AUTOGRAPH and Oliveira net-
work. Two very similar metabolic reactions (one involving dTMP and the other dUMP) are associated to the 
gene yeaB in the Oliveira network. One of the two gene-reaction associations was not recovered from the 
predicted network, because the metabolic reaction (i.e. ATP + dUMP ↔ ADP + dUDP) was not associated 
to the orthologs in E. coli, B. subtilis and L. plantarum.
yeaB
ATP + dTMP ↔ ADP 
+ dTDP
Oliveira 
ATP + dUMP ↔ ADP 
+ dUDP
 AUTOGRAPH
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experimentally verified31. In total, the enzyme is able to catalyze 18 different reactions 
of which two have been included within the L. plantarum source metabolic network 
(i.e. difference of 16 gene-reaction associations).   
 Besides the 342 confirmed gene-reaction associations, we also predicted 164 
additional associations with AUTOGRAPH for the genes that were already present 
in the Oliveira network. By manually investigation of the additional gene-reaction 
associations we found that the majority involved metabolic reactions that are highly 
similar to the reactions within confirmed associations: differences were found at the 
level of cofactor assignment or a different substrate (see Figure 3 for examples). 
Nevertheless, the additional reactions with different cofactors are still relevant within 
network reconstruction, as curators have investigated these in their metabolic modeling 
studies. 
 An explanation for the prediction of many additional gene-reaction 
associations is that we explicitly included recent gene-duplicates in the analysis 
(see methods). Recent gene-duplicates are likely to catalyze very similar metabolic 
reactions (i.e. molecular function)34. As a consequence, in some cases the reaction 
associations of two (or more) genes are transferred to a single L. lactis gene. It is very 
well possible that the L. lactis genes are able to catalyze the different reactions, but 
the availability of substrates or cofactors will determine whether or not these reactions 
will occur. Moreover, we found that 31% of the additional associations involved 
metabolic reactions that were already present in the Oliveira network, indicating that 
also a single metabolic reaction can be associated to multiple genes (Figure 3B). Such 
associations are especially of interest in integrative functional genomics studies (i.e. 
gene-expression).
 By examination of the orthologs and their associated metabolic reactions, we 
observed that all three metabolic networks contributed to the total number of predicted 
B
zwf
g6p + NADP  
6pgl + H + NADPH
A
g6p + NAD  
6pgl + H + NADH
sdaA ilvA
ser-L  
NH4 + pyr
thr-L  
2obut + NH4
ser-D  
NH4 + pyr
confirmed additional
confirmed
confirmed
additional
additional
Figure 3. Two different examples of additional gene-reaction associations for genes already present in the 
Oliveira network. (A) Differences in cofactor usage: two predicted gene-reaction associations involving a 
single L. lactis gene (zwf), differing on the level of cofactor (i.e. NAD versus NADP). Abbreviations: g6p = 
D-Glucose 6-phosphate and 6pgl = 6-phospho-D-glucono-1,5-lactone (B) Differences in substrate utiliza-
tion: additional gene-reaction associations were predicted for sdaA and ilvA, with similar biochemistry but 
different amino acids as substrate. Note that some of the additional associations involve reactions already as-
sociated to other genes (31% of all additional associations). Abbreviations: ser-L = L-Serine, pyr = Pyruvate, 
thr-L = L-Threonine, 2obut = 2-Oxobutanoate and ser-D = D-Serine.
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gene-reaction associations (i.e. confirmed and additional, Figure 4). To certain extent 
the three networks overlap in terms of gene-reaction associations, but we also derived 
22% of the confirmed associations from single networks (Figure 4A). This indicates 
that by increasing the number of metabolic networks for the AUTOGRAPH-method 
we could positively affect the number of (correct) predicted gene-reaction associations 
(at least for L. lactis). On the other hand, an increase in the number of input metabolic 
networks also increases the number of additional gene-reaction associations (Figure 
4B), causing an increasing need for manual curation (i.e. a decision to incorporate an 
association).   
Additional predictions for genes not present in Oliveira network 
 In the comparison between the predicted metabolic network and the Oliveira 
network, we also found many gene-reaction associations involving genes that were not 
present in the Oliveira network (see additional file 1 at BMC Bioinformatics website). 
In order to explore the value of these additional predictions, we manually investigated 
the genes that were associated to reactions. In total, 203 additional genes were found 
to be associated to 263 different reactions. We categorized the genes into three groups: 
(I) transport: all genes associated to transport reactions, (II) specific: incorporation 
of these genes and their associated reactions would potentially lead to additional 
biochemistry and hence possibly different model predictions and (III) choice: these 
genes and associated reactions would lead to a higher resolution of the network, 
i.e. would specify reactions that are lumped into an overall reaction in the Oliveira 
E.c 
B.s
L.p
B.s + L.p
B.s 
+ 
E.c
E.c + L.p
E.c + B.s + L.p
30
 44
14
 41
31
35
147
BA
E.c 
B.s
L.p
B.s + L.p
B.s 
+ 
E.c
E.c + L.p
E.c + B.s + L.p
63
 29
17
6
29
 8
12
Figure 4. Contribution of the three input metabolic networks of E. coli (E.c), B.subtilis (B.s) and L. plan-
tarum (L.p) to the number of confirmed and additional gene-reaction associations for L. lactis. (A) Gene-
reaction associations confirmed in the Oliveira network. Notice that a substantial number of gene-reaction 
associations were exclusively derived from a single network (30 of E.c, 14 of B.s and 31 of L.p, respective-
ly). (B) Additional gene-reaction associations not present in Oliveira network. A substantial number of gene-
reaction associations were exclusively derived from single networks (e.g. 38% were derived from E.c).
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network. The majority of genes (i.e. 99) were classified into the group of specific. For 
example, 15 genes were predicted to be associated to vitamin biosynthesis reactions. 
We analyzed whether the associated metabolic reactions were already present in the 
Oliveira network or whether the reactions were new and could therefore add new 
metabolic capabilities to the network. Overall we found 60 new metabolic reactions 
associated to the 99 investigated genes (see additional file 1 at BMC Bioinformatics 
website). These reactions included potentially important metabolic routes, such as 
glycogen metabolism and the phosphoketolase reaction. The latter enzyme is involved 
in pentose catabolism in many lactic acid bacteria (see also additional file 1 at BMC 
Bioinformatics website for examples of predicted genes and their associated metabolic 
reactions with literature support)35. 
 Of the remaining 104 genes, 53 genes appeared to encode for transport 
system components and 51 genes were categorized into the group of choice. The 
group of choice included the genes that will contribute to a higher level of detail to 
metabolic pathways which already existed (but were lumped) in the Oliveira network. 
For example, the group of choice included all amino acid tRNA-ligases which were 
not included in the Oliveira network because protein synthesis was considered as a 
lumped reaction starting with the individual amino acids as precursors, and protein 
as product31. The genes and the associated metabolic reactions in this group would 
not alter model predictions, but they are useful extension to the model when it is used 
for functional genomics data integration and analysis. Thus, the incorporation of this 
group of genes is a matter of choice and depends on the specification and final purpose 
of the metabolic network. 
AUTOGRAPH versus Pathologic
 As various automatic approaches exist to predict gene-reaction associations 
for a metabolic network, we also compared the AUTOGRAPH-method to one well 
established approach called Pathologic, which is part of the Pathway Tools software27. 
The Pathologic algorithm takes annotated genomes as input and predicts gene-reaction 
associations based on name-matching and EC-codes. The EC-code approach to link 
metabolic information to genes is similar to other methods, such as IdentiCS and 
metaSHARK28,29. Pathologic is the first step in the construction of a so-called PGDB 
(pathway-genome database) which consists of gene-reaction associations. Several 
organism-specific PGDBs have been constructed and manually curated16,17,36,37. In order 
to perform a reliable comparison between the AUTOGRAPH-method and Pathologic, 
we specifically selected two manually curated PGDBs, i.e. EcoCyc16 and LacplantCyc17 
as a source to predict gene-reaction associations by orthology for L. lactis IL1403. We 
predicted a total of 580 L. lactis genes to be associated to one or multiple reactions. 
Of these, 394 showed an overlap with the L. lactis metabolic network predicted 
automatically by Pathologic (i.e. 394 genes were present in both predicted networks, the 
majority of which showed consistency in associated metabolic reactions). Therefore, 
186 additional genes were exclusively predicted by AUTOGRAPH to be associated 
to one or multiple reactions. In contrast, only 35 metabolic genes were exclusively 
predicted by Pathologic. 
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 The 186 additional predicted genes included specific metabolic genes as 
well as a relatively high fraction (i.e. 43%) of transport system components. Absence 
of transporters was to be expected because transporters do not have an EC-code and 
are therefore not considered by the Pathologic algorithm: transport reactions need to 
be added manually to the automatically predicted PGDBs. The results demonstrate 
the strength of the AUTOGRAPH-method being complementary to Pathologic. Both 
methods can thus be combined to predict organism-specific metabolic networks. 
Metabolic network reconstruction and protein complexes
 In this study we mainly focused on the automatic prediction of gene-reaction 
associations for a metabolic network of L. lactis. Another factor which is of importance 
in metabolic network reconstruction, especially in relation to functional genomics 
data analysis (i.e. proteomics or gene-expression data), is the incorporation of protein 
complexes. Therefore, we explored the possibilities to predict protein complexes 
based on the available curated genome-scale metabolic networks which include both 
protein complexes and detailed metabolic reactions. Methods have been developed to 
predict biochemical networks on the level of protein interactions (i.e. possible protein 
complexes), but these lack the detailed metabolic reaction networks1,38. However, 
the relationship between genes, proteins and their metabolic functions can be many-
to-many, making the predictions very difficult. We confined our analysis to testing 
whether or not all components of protein complexes defined in the metabolic networks 
of E. coli, L. plantarum and B. subtilis, were also encoded on the genome of L. lactis 
(note that protein complex definitions are based on genomic context or experimentally 
derived protein-protein interaction data). We excluded those protein complexes from 
the analysis that involved isoenzymes, as the possibilities for complex definition 
in such cases can be rather large and are often ambiguous. The analysis revealed 
that a relatively high fraction of protein complexes defined for L. plantarum were 
completely conserved in L. lactis (Figure 5), and are therefore reliable candidates to 
be automatically incorporated in the L. lactis metabolic network (notice that we were 
not able to validate the predictions, due to a lack of protein complex information in the 
Oliveira network). 
 To illustrate the relationship between the number of predicted (complete) 
protein complexes and the phylogenetic relationship between considered species, we 
predicted protein complexes for the annotated genome of Pseudomonas aeruginosa 
PAO1 (Figure 5). In this case, we specifically took P. aeruginosa because it is, together 
with E. coli, taxonomically classified as a proteobacterium. As expected, we observed 
a higher number of conserved (complete) protein complexes between P. aeruginosa 
and E. coli, compared to P. aeruginosa and the gram-positive bacteria (L. plantarum 
and B. subtilis). On the other hand, we observed a higher number of conserved protein 
complexes between the gram-positive bacteria (L. plantarum and B. subtilis) and L. 
lactis, in contrast to L. lactis and the more distantly related E. coli. 
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Discussion
 We have developed a procedure which exploits the availability of well-curated 
metabolic networks to predict gene-reaction associations. As we believe that high-
quality metabolic reconstructions always need careful manual curation1,2, the objective 
of this study was not to develop a method for fully automated reconstructions, but to 
develop a method that optimally benefits from existing, well-curated reconstructions. 
We explicitly focused on developing a method to accelerate decision steps for the 
incorporation of gene-reaction associations in a metabolic network. This can be achieved 
by presenting for each query gene its orthologs from manually curated metabolic 
networks (additional file 1 at BMC Bioinformatics website). The main advantage of 
transferring information from curated networks is the fact that unannotated genomes 
can be used as input and thereby avoiding misannotation caused by errors in protein 
databases or incomplete labeling (e.g. incomplete EC-codes). Moreover, specific 
annotations within the metabolic context can be transferred from these networks 
allowing the interpretation of organism-specific choices such as reaction stoichiometry 
and cofactors (e.g. NAD or NADP). 
 Our method is based on evolutionary concepts (orthology definitions) for gene 
function prediction. Rather than using bidirectional best hits alone, we used Inparanoid 
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Figure 5. Predicted complete protein complexes for L. lactis and P. aeruginosa, based on a pairwise com-
parison with protein complexes found in metabolic networks of L. plantarum, B. subtilis and E. coli. A 
higher fraction of protein complexes is completely conserved between L. plantarum, B. subtilis and L. lactis, 
compared to E. coli and L. lactis. As L. plantarum, B. subtilis and L. lactis are all gram-positives and E. coli 
is a proteobacterium, the phylogenetic relationship between species influences the number of completely 
conserved protein complexes. This is further supported by applying the AUTOGRAPH-method to the an-
notated genome of P. aeruginosa, which shows that the fraction of (predicted) complete protein complexes is 
relatively higher between P. aeruginosa and E. coli (i.e. both are proteobacteria), compared to P. aeruginosa 
and the gram-positive bacteria (L. plantarum and B. subtilis).
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for the orthology definition39. Inparanoid has a relatively high resolution and is able to 
predict recent gene duplicates (i.e. inparalogs): these are genes from a single species 
that are all orthologous to one or multiple genes in another species40. Inparalogs are 
likely to have retained the same or very similar molecular function, and are probably 
functionally differentiated on the biological process level34. The orthology definition 
therefore allows the transfer of metabolic reactions (molecular function) also in the 
case of gene duplicates. 
 In our study we derived gene-reaction associations from metabolic networks 
of E. coli, L. plantarum and B. subtilis, by predicting orthologs between these three 
species and L. lactis. We have shown that the number of confirmed (predicted) gene-
reaction associations for L. lactis, for the genes that are present in the published Oliveira 
network, was relatively high (i.e. 74%). The coverage of 74% is calculated with the 
highest stringency, as we distinguished reactions with different cofactor usage and 
different (but similar) substrates. Exact cofactor definitions, however, are frequently 
ignored in studies on the topology of metabolic networks (e.g. functional genomics 
data analysis)12. When ignoring cofactor usage, i.e. considering the reactions that differ 
only in cofactors as identical, the coverage of our method is much higher (i.e. ~85%). 
Nevertheless, cofactor utilization is still important in modeling approaches such as 
constraint-based modeling1,8,9. 
 We predicted many additional gene-reaction associations for the genes that 
were already present in the Oliveira network. As one might consider the additional 
predictions as over-predictions, we investigated the additional gene-reaction associations 
in more detail. We found that the majority of the additional associated reactions were 
mainly (small) variations to the reactions in the Oliveira network (Figure 3). In many 
cases the reactions slightly differed in terms of substrates and cofactors (e.g. reactions 
that take place with either ATP or GTP). Therefore, the additional predictions should 
not directly be considered as an over-prediction, as the level of metabolic detail in a 
network (e.g. including or excluding cofactors, see above) also depends on the exact 
purpose.
 Importantly, we also predicted 203 genes that were absent from the Oliveira 
network, of which 34 were annotated as hypothetical. A major fraction of these additional 
gene-reaction associations involved specific metabolic reactions, which could be 
useful additions to the metabolic network. Even though the actual choice whether or 
not these specific gene-reaction associations should be included, might depends on the 
exact goal of the (modeling) study, new associations are useful information for further 
improvement of the model. Especially in the context of integrative bioinformatics, any 
new gene-reaction association allows that specific gene to be studied in its metabolic 
context, and in that respect the new associations found with the AUTOGRAPH-method 
should be very useful. 
 Besides the specific gene-reaction associations we also found many transport 
system components that are absent from the Oliveira network. Although transporters 
could also be considered as specific reactions, we have classified them into a separate 
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group, because their substrate specificity is in general difficult to predict based on 
sequence data alone. Contextual information, such as genome context, can be 
used in respect to the prediction of gene-reaction associations for transport system 
components. If this has been done in curated metabolic networks, transfer of function 
by high-resolution (co-)orthology becomes possible (C. Francke, unpublished results). 
Although transporters may not in all cases be essential in modeling studies, e.g. when 
growth on specific substrates is studied, they are important for a complete picture of 
the metabolic capacity of a species.
 In the comparison between AUTOGRAPH and Pathologic, we found a 
relatively large overlap in terms of genes associated to reactions, but we also established 
many additional genes, including many transporters. Both methods can be combined 
to predict gene-reaction associations with high coverage, as both predicted a unique 
set of additional metabolic genes (186 by AUTOGRAPH and 35 by Pathologic). 
Besides the prediction of gene-reaction associations, Pathologic also associates genes 
to pathways using the pathway information from MetaCyc (the collection of metabolic 
reactions and pathways occurring in all included species)41. This is one of the major 
advantages of the approach27, but it also causes much redundancy, as many variations 
exist in single pathways (e.g. citric acid cycle in different species). Over-predictions of 
this type have been removed in many curated organism-specific PGDBs which were 
initially constructed by Pathologic (see ref17 for an example). Therefore, when using 
the AUTOGRAPH approach, redundancy in pathway association can be controlled by 
the number of curated PGDBs used as input. Increasing the number of input databases 
(or models) will increase coverage, but also increase the number of possible over-
predictions (Figure 4). 
 When we studied the possibility to predict protein complexes, we found that 
the number of automatically predicted (complete) protein complexes depends on the 
phylogenetic relationship between species, although it should be noted that we may not 
have sufficient species to establish a strong correlation (Figure 5). We also observed 
complexes for which not all constituent proteins were found on the genome of L. 
lactis. The reason for the prediction of these incomplete protein complexes is likely 
to be the result of (physiological) variations in complexes for the different species 
(i.e. organism-specific complexes) or a lack in orthology detection. The incomplete 
protein complexes therefore need to be manually curated to investigate if ‘missing’ 
components are absent due to a lack in orthology detection or that components are 
absent due to physiological differences between the species. Also, specific choices 
from curators can lead to differences in complex definition, which consequently could 
influence complex prediction. The presented AUTOGRAPH-method is a possible 
first step to automate the prediction of protein complexes integrated with a detailed 
metabolic reaction network. 
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Conclusions
 We have described a method to accelerate genome-scale metabolic network 
reconstruction by using orthology and existing manually curated metabolic networks 
to predict gene-reaction associations. In this study we focused on the prediction of 
a metabolic network for L. lactis IL1403. We recovered most of the gene-reaction 
associations (i.e. 74 - 85%) that were present in a published metabolic network of L. 
lactis IL1403 (Oliveira network). Moreover, we identified over 200 additional genes 
associated to reactions that are potentially relevant for either metabolic modeling or 
integrative bioinformatics. We are, however, aware of the fact that the quality of a 
metabolic network derived from our developed method depends on the availability and 
quality of manually curated metabolic networks, and on the orthology detection. This, 
however, also holds for the annotation in protein databases. We developed the method 
with the goal to accelerate the process of metabolic reconstruction, by minimizing 
the adjustments needed during curation, and by giving the curator an overview of 
the decisions made previously by other curators. We expect that in the future it will 
become possible to select a substantial number of species which are closely related to 
(any) query species, because there is a rapid increase in the number of reconstructed 
genome-scale metabolic networks by ongoing functional genomics projects. 
Methods
Collection of manually curated genome-scale metabolic networks
 We used three manually curated metabolic networks, that of Escherichia coli 
K1222, Lactobacillus plantarum WCFS1 (B. Teusink et al., manuscript in preparation, 
see also17) and Bacillus subtilis subsp. subtilis str. 16833, as a source to predict 
automatically a metabolic network for Lactococcus lactis IL1403. The developed 
method is called AUTOGRAPH (AUtomatic Transfer by Orthology of Gene Reaction 
Associations for Pathway Heuristics, see Figure 1) and is outlined in detail below. The 
curated networks were initially constructed with Genomatica’s SimphenyTM software 
for constraint-based modeling purposes, and were retrieved as flat-files containing 
gene-protein-reaction associations42. 
 A reference metabolic network of L. lactis IL1403 has been used to evaluate 
our method (discussed below). This network was also constructed for constraint-based 
modeling purposes and was retrieved from the authors as a flat-file, containing gene-
reaction associations. Throughout the article we will refer to this published reference 
network as the Oliveira network31.
 To compare the automatic reconstruction of L. lactis IL1403 metabolic 
network by Pathologic with that of our method, we used the Genbank NCBI annotation 
file of L. lactis IL1403 as input for the Pathologic software27,43. In addition, the same 
Genbank file together with two manually curated networks from the BioCyc collection 
(i.e. EcoCyc16 and LacplantCyc17) were used as inputs for our method (discussed 
below). 
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AUTOGRAPH: prediction of orthology and gene-reaction associations
 The AUTOGRAPH-method combines manually curated genome-scale 
metabolic networks and orthology to predict a network for a query species (Figure 
1). First, we established (pairwise) orthologous relationships between the genes of L. 
lactis (i.e. query species) and the genomes of E. coli, B. subtilis and L. plantarum (see 
additional file 1 at BMC Bioinformatics website). The complete genome sequences 
of L. lactis, E. coli, B. subtilis and L. plantarum were retrieved from Genbank NCBI. 
The algorithm of Inparanoid, which requires the genome sequences as inputs, has been 
applied to predict orthologs39. The Inparanoid method is based on Bidirectional Best 
Hits (BBH) and predicts, besides one-to-one orthology (BBH), also inparalogous genes 
(also referred to as recent gene duplicates). Inparalogs arise from a gene duplication 
event after a speciation and are therefore orthologous to one or multiple genes from 
another genome40. We applied Inparanoid with the default settings.
Second, the L. lactis genes and their corresponding orthologs in E. coli, L. plantarum and 
B.subtilis were retrieved from the Inparanoid outputs using the Python programming 
language44. Subsequently, the orthologs were automatically analyzed for associations 
with one or multiple reactions (gene-reaction associations were derived, using Python, 
from the flat-files of the curated metabolic networks). In this way, a complete list 
of all L. lactis genes, and their orthologs with associated reactions, was generated 
automatically (see additional file 1 at BMC Bioinformatics website). Such an approach 
allows for a quick analysis of gene-reaction associations made by other curators and 
thereby the reconstruction of genome-scale metabolic networks for query species. 
The method has not been developed as a fully automatic tool, including database 
construction and visualization techniques, but rather as a frame-work to predict gene-
reaction associations in a (semi-)automatic way. Other software exists to visualize and 
analyze metabolic networks27,42,45,46.
Evaluation of AUTOGRAPH
 To evaluate the AUTOGRAPH-method we investigated gene-reaction 
associations in the predicted and the Oliveira network. First, the gene names from the 
Oliveira network were automatically mapped onto the gene names in the Genbank file 
of L. lactis IL1403 (Genbank files are the input for AUTOGRAPH). In this way, we 
could recover 349 genes from the Oliveira network (of the 358 reported in the article). 
Secondly, the comparison of gene-reaction associations has been done manually, as 
the reaction and compound abbreviations in the Oliveira network and in the input 
networks for the AUTOGRAPH-method were not identical.
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Abstract
 To what extent can modes of gene regulation be explained by systems-
level properties of metabolic networks? Prior studies on co-regulation of metabolic 
genes have mainly focused on graph-theoretical features of metabolic networks and 
demonstrated a decreasing level of co-expression with increasing network distance, 
a naïve, but widely used, topological index. Others have suggested that static graph 
representations can poorly capture dynamic functional associations, e.g., in the form of 
dependence of metabolic fluxes across genes in the network. Here, we systematically 
tested the relative importance of metabolic flux coupling and network position on 
gene co-regulation, using a genome-scale metabolic model of Escherichia coli. After 
validating the computational method with empirical data on flux correlations, we 
confirm that genes coupled by their enzymatic fluxes not only show similar expression 
patterns, but also share transcriptional regulators and frequently reside in the same 
operon. In contrast, we demonstrate that network distance per se has relatively minor 
influence on gene co-regulation. Moreover, the type of flux coupling can explain refined 
properties of the regulatory network that are ignored by simple graph-theoretical 
indices. Our results underline the importance of studying functional states of cellular 
networks to define physiologically relevant associations between genes and should 
stimulate future developments of novel functional genomic tools.
Introduction
In recent years, metabolic networks of various species have been 
reconstructed1, and several systematic studies addressed the issue of gene regulation 
in metabolism2-5. These studies have revealed important insights into transcriptional 
regulation by integration of gene co-expression with historically defined modules 
(e.g., glycolysis) or with graph-theoretical properties of reconstructed networks. 
Although trends in gene co-regulation with network distance have been reported3, 
it remains unexplained how purely graph-theoretical indices of metabolic networks 
relate to physiologically relevant functional associations. The widely used, but ad hoc, 
reasoning that when genes are located close to each other on an interaction map, then 
they will be functionally associated is intuitively reasonable and, since topological 
reconstructions are widely available for many species (e.g., KEGG), it forms the basis 
for many validations of predicted functional associations in cellular networks3,6-8. 
However, there are good reasons to suspect that metabolic network distance per se 
does not necessarily indicate whether two reactions are used coherently in functional 
states of the network. For example, all enzymes within a linear pathway might be 
strongly associated in their function irrespective of their network distances (though 
their temporal activation patterns can correlate with distance9). Moreover, erroneous 
predictions of functional associations might arise as paths defined on a metabolic 
connectivity graph do not necessarily correspond to biochemically relevant pathways10. 
Since the functional state (phenotype) of metabolic networks is best represented by the 
actual flux distribution11,12, one might expect that the correlation between reaction fluxes 
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across network states would provide a sound and biochemically relevant measure of 
functional dependence between enzyme-encoding genes13. Therefore, we hypothesized 
that dynamic functional associations (i.e., correlations) between fluxes, rather than 
static topological properties of a metabolic network, could capture true functional 
associations between genes and consequently would provide refined insights into the 
modes of transcriptional regulation of metabolism. Recently, computationally tractable 
frameworks have been developed to determine genome-scale functional associations 
between metabolic genes on the basis of their coherent use of reactions (also referred 
to as “correlated reaction sets” or “flux coupling”, see Figure 1)13-16. Prior studies 
initialized the integration of gene regulation with flux coupling and concluded that 
genes with correlated reactions often show signs of co-regulation14,17-19. However, these 
studies did not explore the regulatory consequences of the differences in the degree of 
flux coupling. Moreover, it remains unknown to what extent flux dependencies relate 
to graph-theoretical properties of metabolic networks with respect to gene regulation. 
In this study we therefore systematically investigated to what extent (degrees 
of) flux coupling and network distance, a simple and widely used topological index, 
relate to co-regulation. Although it might seem intuitively likely that reactions are flux 
coupled at shorter distances, it is easy to imagine situations where even neighboring 
reactions carry uncorrelated fluxes (see Figure 1); hence it is important to quantitatively 
assess the contribution of each factor to gene co-regulation. The well-characterized 
metabolic20 and gene-regulatory networks21 of Escherichia coli make it an ideal 
organism to address these issues. Therefore, we primarily aimed at relating network 
distance and flux coupling in the metabolic network to the transcriptional regulation of 
the associated genes in E. coli. In addition, to confirm the generality of our findings, 
we extended our study to Saccharomyces cerevisiae. Our results demonstrate the 
importance of flux coupling, rather than network distance, as a better determinant of 
metabolic gene co-regulation.
Figure 1. A hypothetical network with metabolites (nodes), reactions (arrows), and exchange reactions (ex) 
with the environment. Indicated are three types of flux coupling between reactions: i) A-B: directionally 
coupled, ii) B-C: fully coupled, and iii) C-D: uncoupled.
Ex2System boundary
Ex1 A B C D
Ex3
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Results and discussion
Flux coupling captures physiologically relevant functional associations
To predict reaction sets that appear together in functional states of the network, 
we performed flux coupling analysis14 on a genome-scale reconstruction of E. coli 
metabolism20. This procedure identifies coupled biochemical reactions in steady-state 
flux distributions of the network, given a set of environmental constraints (Methods). 
Metabolic gene pairs were categorized into three different groups: i) fully coupled: non-
zero flux for one reaction implies a fixed (non-zero) flux for the other reaction and vice 
versa, ii) directionally coupled: the activity of one reaction implies the activity of the 
other, but not necessarily the reverse. Thus, these reactions are clearly not independent, 
but may not always operate together (i.e., the flux of one reaction can be zero while 
the other carries a flux), and iii) uncoupled: reactions whose flux ratios can take up any 
values, hence can operate independently14.
Although phylogenetic19 and metabolome22 studies suggest that in silico 
predicted flux coupling relationships have strong physiological and evolutionary 
relevance, it remains unexamined how well this procedure can explain in vivo flux 
correlations. For example, is directional coupling a physiologically relevant category 
in the sense that these reactions show some, but not perfect flux correlations? An 
experimental study enabled us to calculate flux correlations between 120 reaction 
pairs over six conditions in the central carbon metabolism of E. coli23. Although none 
of these reaction pairs were fully coupled, we found a marked difference between 
the two other coupling groups: directionally coupled reaction pairs had, on average, 
much higher empirical flux correlations than uncoupled ones (Wilcox robust analysis 
of variance, ANOVA, p < 10−14, Figure 2A, see Methods).
Figure 2. The average level of empirically determined flux correlations for different flux coupling types (A) 
and at different network distances (B)
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In contrast to the association between flux coupling and in vivo flux 
correlations, we found no clear evidence for such an association for network distance 
(see Methods): pairs up to a distance of four showed no difference in flux correlation (p 
= 0.77, Figure 2B) and only pairs separated by five metabolites showed a drop in flux 
correlation (Wilcox multiple pairwise comparison, p < 0.05, see Methods).
Operonic organization correlates with both flux coupling and network distance
To measure and compare the extent of co-regulation between the types of 
flux coupling, we calculated the frequency of gene pairs that are part of the same 
operon (referred to as intra-operonic) as it represents a clear measure of co-regulation. 
The comparison revealed an association between the type of flux coupling and the 
likelihood of being intra-operonic (χ2 =  20489.6, d.f.= 2, p ≈ 0, Figure 3A). Thus, 
genes with complete correlation in flux behavior undergo more frequently precise co-
regulation. Directionally coupled gene pairs do not necessarily operate together at all 
times, and indeed, we find that these pairs less frequently reside in the same operon. 
We extended the analysis by categorizing, for each coupling type, gene pairs 
into three network distance groups: i) distance 1 (direct neighbors), ii) distance 2, 3, 
and 4 (moderately close), and iii) distance ≥5 (note: the average distance is ~4.8 in 
the network). When considering each distance group individually, we still found a 
significant association between flux coupling and operonic organization at any distance 
on the metabolic graph (Figure 3B). Moreover, the strength of association, as expressed 
by Cramer’s V, illustrates the importance of flux coupling even when the genes are 
direct neighbors in the network (V
d=1
 = 0.54, V
d=2,3,4
 = 0.35 and V
d≥5
 = 0.32, where V 
scales from zero to one). Having demonstrated the importance of flux coupling when 
controlling for network distance, we next asked if distance has an independent effect 
by testing the association between operonic organization and distance for each specific 
type of flux coupling. Although we found a statistically significant association for fully 
coupled pairs (χ2 = 27.3, d.f. = 2, p < 10−5, Figure 3B), the strength of the effect (V = 
0.26) is lower compared to those observed for flux coupling. Moreover, no association 
was detected in the group of directionally coupled pairs, and the association was weak, 
though statistically significant, for uncoupled ones (Table S1 at PLoS Comput Biol. 
website). 
 How to explain the correlation between network distance and operonic 
organization for fully coupled gene pairs? The organization of genes into operons is 
an ongoing evolutionary process with chance events playing potentially important 
roles, and therefore the composition of operons might not be optimal24. However, non-
optimal operonic composition does not automatically imply a negative correlation 
between the network distance of a gene pair and the probability of both genes residing 
in the same operon. Thus, although any individual functionally related gene pair 
might be located in distinct operons simply by chance, our observation that separation 
into distinct operons depends on metabolic network distance suggests that operonic 
composition is shaped by selective forces as well. Intuitively, one might argue that 
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at larger distances both genes might simply not fit into the same operon. To explore 
this possibility, we repeated our analysis with only those fully coupled pairs that are 
encoded in operons with “non-limiting” sizes. “Non-limiting” operons are defined as 
those operons that have a size large enough to contain all genes on the shortest path 
from one gene to the other (e.g., the minimum size of “non-limiting” operons for gene 
pairs at network distance 2 is three genes). None of the 25 gene pairs that are located 
Figure 3. The effect of flux coupling and network distance on operonic organization in E. coli. (A) The frac-
tion of intra-operonic gene pairs correlates with the type of flux coupling. The dashed baseline indicates the 
fraction of intra-operonic gene pairs expected by chance. (B) The effect of flux coupling on the fraction of 
intra-operonic gene pairs in different network distance groups: χ2
d=1
 = 715.3, χ2
d=2,3,4
 = 5347.3, χ2
d≥5
 = 5022.3, 
d.f. = 2, and p < 10−155.
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in different operons and at a large network distance (i.e., ≥5) were in “non-limiting” 
operons (Table S2 and S3 at PLoS Comput Biol. website), hinting at the possibility that 
limits on operon size might play a role.
However, within the set of gene pairs in “non-limiting” operons, we still see 
an association between network distance and operonic organization for pairs at distance 
<5 (Table S3 at PLoS Comput Biol. website). Thus, structural constraints do not fully 
explain the separation of genes into different operons at shorter network distances. We 
speculate that a more likely explanation is that partition of within-pathway genes into 
multiple operons could allow the temporal fine-tuning of expression patterns in a way 
that enzymes are not synthesized before needed within a pathway25. Such a “just-in-
time” transcription program has been predicted to be optimal when the system needs 
to reach production objectives with minimal total enzyme synthesis26 and has been 
supported by experimental studies on amino-acid biosynthetic enzymes9. 
Transcription factor binding similarity correlates with flux coupling
As transcription factors (TF) play an important role in the regulation of 
gene expression, we compared TF co-regulation between the different flux coupling 
types. We quantified the overlap in TFs upstream of operon pairs (TF similarity) as 
the number of shared TFs relative to the total number of involved TFs (Methods). 
As intra-operonic gene pairs show co-regulation by definition, we specifically studied 
those gene pairs that are encoded in different operons (i.e., inter-operonic) and are 
controlled by at least one known TF. Moreover, only those operon pairs were selected 
that contain inter-operonic gene pairs with the same type of flux coupling. We found 
that fully coupled operon pairs have, on average, higher TF similarities compared to 
both directionally and uncoupled ones (Wilcox multiple pairwise comparison, p < 10−2, 
Figure 4). Uncoupled operon pairs show extremely low TF similarities, which confirm 
the expectation that it would be irrelevant to co-regulate genes without a functional 
association. 
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Figure 4. Transcription Factor (TF) Similarity correlates with the type of flux coupling
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mRNA-level co-expression can be better explained by flux coupling than by 
network distance
 It has previously been reported that the level of co-expression decreases with 
increasing network distances3. However, given the evidence that the degree of TF-
binding similarity correlates with flux coupling, this observation might be intuitively 
explained by the possibility that uncoupled gene pairs have higher network distances 
than coupled ones. Uncoupled (inter-operonic) gene pairs are indeed at larger network 
distances compared to flux coupled pairs (Figure S1A at PLoS Comput Biol. website). 
To further investigate whether the association between mRNA-level co-expression 
and network distance might be indirect, we analyzed a large-scale gene expression 
dataset collected over a variety of conditions24. Confirming the finding of Kharchenko 
et al. (2005) in yeast, we found a significant association between co-expression and 
network distance in E. coli (Wilcox robust ANOVA, p ≈ 0). However, the degree 
of co-expression was also associated with flux coupling (p < 10−14, Figure S1B at 
PLoS Comput Biol. website), a finding not unexpected based on the differences in TF 
similarities between the different types of flux coupling.
 To unveil which factor (i.e., network distance or flux coupling) is the main 
determinant of co-expression between metabolic genes, we performed a two-way 
robust ANOVA27. We found that while flux coupling is a significant main effect (p 
< 0.003), the effect of network distance is not (p = 0.244), and there is an interaction 
between these two factors (p = 0.003) (Figure 5A). Apparently, the interaction term 
arises because the degree of co-expression increases with network distance for flux 
coupled gene pairs (p < 10–4), but decreases for uncoupled pairs (p ≈ 0). Hence, 
network distance does not explain transcript-level co-expression for inter-operonic 
flux coupled genes in E. coli, and even for uncoupled genes it predicts only weak 
co-expression for those located close to each other on the metabolic map: uncoupled 
neighboring (d = 1) gene pairs have an average co-expression of 0.106, which is only 
slightly, albeit statistically significantly, higher than the 0.039 observed for random 
pairs (see baseline in Figure 5A). The idea that considering flux coupling relationships 
improves the discrimination of gene sets with different levels of co-expression is 
further exemplified by our observation that although fully and directionally coupled 
gene pairs do not differ in terms of overall network distance (p = 0.9, Figure S1A at 
PLoS Comput Biol. website), they differ in co-expression (Figure S1B at PLoS Comput 
Biol. website) and TF similarity (Figure 4, p < 10−2). Thus, the type of flux coupling 
can capture differences in the degree of gene co-regulation that are ignored by network 
distance.
To confirm the above finding on the relatively minor effect of network distance 
compared to flux coupling, we also examined mRNA-level co-expression of metabolic 
genes in S. cerevisiae using a high-quality metabolic reconstruction28 and a large set of 
microarray data2 (Methods). Our analysis showed that both flux coupling and network 
distance are associated with co-expression (two-way ANOVA, p < 10−11), but flux 
coupling explains approximately twice as much of the variance in co-expression than 
network distance (see Figure 5B for details).
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In summary, our results illustrate that modes of gene co-regulation can be 
better explained by a biochemically well-grounded flux correlation based measure 
(flux coupling), than by network distance, even though distance was calculated by 
excluding highly connected nodes to minimize artificial shortcuts. Network distance, 
although widely applied, is by no means the only possible topological measure, and 
A
B
-0.2
0.0
0.2
0.4
0.6
0.8
1.0
Network distance
Co
-e
xp
re
ss
io
n
>=52 - 41
Network distance
0.0
0.1
0.2
0.3
0.4
0.5
Co
-e
xp
re
ss
io
n
>=52 - 41
Fully coupled
Directionally coupled
Uncoupled
0.95 c.i.
Fully coupled
Directionally coupled
Uncoupled
0.95 c.i.
Figure 5. The effect of flux coupling and network distance on co-expression for E. coli (A) and S. cerevisiae 
(B). (A) The dashed baseline indicates the degree of co-expression between random gene pairs. The confi-
dence interval of directionally coupled pairs at d ≥ 5 is absent, as it contains too few data points (n = 2) for 
reliable calculation. (B) Relative variance components (i.e., the fraction of total variance in co-expression 
explained by coupling and distance) were estimated by a general linear model where both flux coupling and 
distance were treated as random effects in an unbalanced factorial ANOVA design. Expected means squares 
were used for the estimation (Statistica 6.0, Statsoft). Flux coupling and network distance explain 16.8% and 
7.3% of the variance in co-expression, respectively (interaction between the two factors explains 3.7%). A 
maximum likelihood estimation of variance components gave very similar results (coupling: 14%, distance: 
7.1%, and interaction: 3.8%, Statistica 6.0, Statsoft). Note that the average network distance is ~4.5.
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therefore further studies should address whether more sophisticated and more robust 
graph-theoretical measures could provide refined insights into gene co-regulation.
Furthermore, it should be noted that changes in fluxes are not necessarily 
caused by changes only at the transcriptional level. Although concerted changes in 
enzyme levels through transcription may in theory improve metabolite homeostasis 
during large flux changes29, experimental studies show that flux changes can arise as a 
result of specific types of regulation on each individual enzyme in the pathway (e.g., 
on the level of metabolite concentrations or on the level of transcription, translation, 
posttranslational modifications, protein degradation, etc.)30. This explains that even 
for fully coupled gene pairs no strict correlation with transcriptional co-regulation is 
observed, or could be expected. 
Our work has important implications for comparative genomics and gene 
function predictions. Since metabolic networks are based on solid biochemical 
knowledge and are the best-characterized biological networks available for numerous 
species, the present work paves the way for improved gene association studies in 
the future. In particular, the concept of flux coupling could form the basis to test the 
reliability of predicted functional interactions by genomic context or high-throughput 
functional genomics data. Since benchmarking of predicted gene associations (i.e., 
set of true-positives) relies in many studies on topological properties of pathways 
and networks (e.g., being associated to the same KEGG map)7, we expect that 
considering flux coupling would increase the quality of benchmarks and, as a result, 
prediction accuracy. In a similar vein, the computational prediction of operons could 
be improved by using flux coupling information instead of historically defined 
pathway classifications31. One potential difficulty in applying flux coupling for 
functional genomics is that this approach requires a high-quality, extensively curated 
reconstruction amenable to stoichiometric modeling32. In contrast, topological analyses 
can be applied to networks of lower accuracies, hence to a wider range of organisms. 
However, the development of improved functional genomic tools with flux coupling 
should certainly become feasible given the rapidly increasing number of genome-scale 
metabolic reconstructions and the availability of constraint-based methods to define 
flux correlations1,16.
Materials and methods
Flux coupling analysis 
To analyze functional (physiological) associations between genes within the 
genome-scale metabolic network of E. coli K12 (iJR904 GSM/GPR)20, we applied the 
previously developed flux coupling finder procedure (see Dataset S1 at PLoS Comput 
Biol. website)14. This constraint-based modeling approach relies on minimization and 
maximization of the flux ratios to determine the extent of dependency between any 
two reactions within the network given mass-balance constraints and flux capacity 
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constraints. In general, the flux through one of the two reactions is fixed by a unit value 
while the flux through the other reaction is maximized and minimized (allowing for 
linear optimization, see Burgard et al. for details).  
We distinguished three main types of flux coupling relationships between 
reaction pairs (see also Figure 1): i) fully coupled: the activity of one reaction fixes the 
activity of the other and vice versa (i.e., complete correlation by equal minimum and 
maximum flux ratios), ii) directionally coupled: the activity of one reaction implies the 
activity of the other, but not necessarily the reverse. These reactions are not independent, 
but may not always operate together (i.e., the flux through one reaction can be zero 
while the other carries a flux), and iii) uncoupled: the activity of one reaction does not 
imply the activity of the other and vice versa (i.e., their flux ratio can vary from zero to 
infinity, indicating that the reactions are not (likely) to operate together). Calculations 
were run without assuming a constant biomass composition to avoid coupling of a 
large set of fluxes to the biomass reaction (thus all biomass components were allowed 
to be drained independently of one another)14. Coupled reaction pairs were identified 
under a condition where all external nutrients were allowed for uptake and secretion 
(i.e., fewest constraints) except for the case where flux coupling was compared to 
empirical flux correlations. In the latter case a minimal glucose medium was simulated 
to mimic the experimental settings of Emmerling et al.23 where fluxes were measured 
in a wild-type and a mutant E. coli strain under two carbon-limited and one nitrogen-
limited growth conditions, corresponding to six experimental setups (note: the same 
set of nutrients were available for uptake in all six conditions). 
Duplicated genes or isoenzymes can give rise to ambiguous relationships 
between genes and reactions when considering regulatory information. For example, 
duplicates might be differentially regulated, although their gene products have the 
same molecular function (i.e., catalysis of the same reaction). We therefore considered 
reaction pairs that are not associated to isoenzymes to achieve optimal sensitivity 
for analyzing gene co-regulation among different flux coupling types (and network 
distance, see below). Furthermore, multiple reaction pairs correspond to the same gene 
pair when a single gene is associated to more than one reaction. In those cases, we 
investigated flux coupling of all reaction pairs, but we assigned one type of coupling 
to the gene pair in the following hierarchical order: fully, directionally, and uncoupled 
(e.g., if one of the reaction pairs was fully coupled, we considered the corresponding 
gene pair to be fully coupled irrespective of the other associated reaction pairs). 
A similar procedure was applied to the iLL672 reconstruction of the yeast 
metabolic network28 to identify flux coupled gene pairs in S. cerevisiae (Dataset S1 
at PLoS Comput Biol. website), with the main difference that we also found partially 
coupled gene pairs in this network. Partial coupling can be considered as a form of 
coherent reaction usage with the activity of one reaction implying the activity of the 
other and vice versa (without, however, a fixed flux ratio between the two reactions)14. 
We therefore grouped fully and partially coupled pairs.
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Network distance
In order to calculate the network distance between genes within the genome-
scale metabolic networks of E. coli and S. cerevisiae, we represented the networks 
as connectivity graphs consisting of nodes (metabolites) and edges (reactions). 
Subsequently, we calculated the network distance between any two reactions in the 
network by a shortest path algorithm based on the connectivity of the nodes. In such 
a way the distance is defined as the minimal number of metabolites that separates any 
two reactions in the network. Moreover, information on reversibility and irreversibility 
of reactions was considered in calculating the shortest paths. Nevertheless, we note 
that treating all reactions as reversible in order to minimize the number of reaction 
pairs that are unreachable gives qualitatively the same results (see Tables S4–S7 at 
PLoS Comput Biol. website).
The existence of highly connected nodes (such as cofactors) can cause 
artificial shortcuts in the paths, resulting in biochemically infeasible paths. To increase 
functional relevance of the network distance, we removed the most highly connected 
nodes, including ATP, ADP, AMP, CO2, CoA, glutamate, H, NAD, NADP, NADH, 
NADPH, H2O, NH3, phosphate, and pyrophosphate
3. Finally, we linked the network 
distance to gene pairs by using the information on gene-reaction associations (see 
also above). We did not consider gene pairs that encode subunits of the same protein 
complex, since network distance is defined between reaction pairs.
Operonic organization of E. coli genes
Information on the operonic organization of E. coli genes was obtained from 
regulonDB33. Operons illustrate a strong functional interaction between genes, and it 
represents one mode of transcriptional co-regulation by precise gene co-expression. 
Transcription factor binding and gene-expression similarity.
Transcription factor binding and gene-expression similarity
 Transcription factor (TF) binding sites upstream of E. coli operons were 
obtained from a previous study on gene regulation networks21, which we updated with 
the recent interaction data from regulonDB. To reduce the number of possible incorrect 
TF–operon interactions, we did not include interactions from regulonDB that were 
solely based on microarray data21. 
We examined TF similarity between operon pairs to compare stringency 
in transcription factor regulation between flux (un)coupled genes. TF similarity is a 
measure of overlap in the set of bound TFs between operons and is defined as the total 
number of shared TFs between two operons divided by the total number of unique TFs 
regulating the two operons. For example, if TF x and y regulate operon 1 and TF x and 
z operon 2, the TF similarity will be 1/3. As TF regulation is a property of operons, we 
exclusively studied flux coupling on the level of operons. We determined TF similarity 
of operon pairs only once irrespective of the total number of flux coupled gene pairs 
belonging to the same operon pair.
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Additionally, we compared the extent of co-expression between E. coli 
gene pairs for the same set of operon pairs that were studied for TF similarity. We 
obtained microarray data for E. coli from a recently constructed dataset24. In a similar 
way, we investigated mRNA-level co-expression of metabolic genes in S. cerevisiae 
by analyzing a large set of microarray data2 . We established expression similarity 
(i.e., measure of co-expression) between genes by calculating Pearson correlation 
coefficients of the normalized log-ratios across microarray experiments.
Statistical analyses
 Frequency tables were analyzed by chi-square tests to test the hypothesis of 
independency between factors. Moreover, we applied one- and two-way robust analysis 
of variance (ANOVA) and multiple pairwise comparison techniques developed by Rand 
Wilcox to avoid problems from non-normal distributions and heteroscedasticity27. The 
methods are based on Welch’s statistics and the analysis of 20% trimmed means to 
increase the control over type I errors (i.e., rejecting null hypothesis when it is actually 
correct). We applied one- and two-way robust ANOVA using the “t1way” and “t2way” 
R functions, respectively. Multiple pairwise comparisons between variables (also 
called linear contrasts) were performed by using the “lincon” R function. Confidence 
intervals in related graphical representations were calculated by the ‘trimci’ R function. 
All R functions can be found at http://www-rcf.usc.edu/~rwilcox/.
Although we used Wilcox robust ANOVA throughout the article due to 
heteroscedasticities in our datasets, similar conclusions were drawn when conventional 
ANOVA was employed (unpublished data).
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Abstract
Background. The relationships between proteins are often asymmetric: one 
protein (A) depends for its function on another protein (B), but the second protein 
does not depend on the first. In metabolic networks there are multiple pathways that 
converge into one central pathway. The enzymes in the converging pathways depend 
on the enzymes in the central pathway, but the enzymes in the latter do not depend on 
any specific enzyme in the converging pathways. Asymmetric relations are analogous 
to the “if→then” logical relation where A implies B, but B does not imply A (A→B).
Results. We show that the majority of relationships between enzymes in 
metabolic flux models of metabolism in Escherichia coli and Saccharomyces cerevisiae 
are asymmetric. We show furthermore that these asymmetric relationships are reflected 
in the expression of the genes encoding those enzymes, the effect of gene knockouts 
and the evolution of genomes. From the asymmetric relative dependency, one would 
expect that the gene that is relatively independent (B) can occur without the other 
dependent gene (A), but not the reverse. Indeed, when only one gene of an A→B pair 
is expressed, is essential, is present in a genome after an evolutionary gain or loss, it 
tends to be the independent gene (B). This bias is strongest for genes encoding proteins 
whose asymmetric relationship is evolutionarily conserved.
Conclusions. The asymmetric relations between proteins that arise from the 
system properties of metabolic networks affect gene expression, the relative effect of 
gene knockouts and genome evolution in a predictable manner.
Background 
Cellular processes can only be fully understood by considering how the 
functions of proteins depend upon each other. The relationship between two proteins 
can be symmetric - for example, when they mutually depend upon each other for 
their function within a protein complex. Proteins can also be asymmetrically related. 
This occurs when the function of one protein (A) depends on another protein (B), but 
the function of protein B does not depend on A: A→B. For example, in regulatory 
interactions, the function of the regulator depends on the presence of its target, but the 
target can often function without the regulator. Examples of asymmetrical relationships 
also exist in metabolism. For instance, multiple enzymes may produce the same 
substance (Figure 1), creating a situation in which the function of the proteins in the 
converging reaction fluxes (A) depends on the flux through B, but the function of B 
does not specifically depend on one of the converging fluxes. With the availability of 
accurate stoichiometric models of entire metabolic networks, it has become possible to 
infer symmetric and asymmetric coupling of reaction fluxes, not only at short metabolic 
distances, but throughout the complete network1. Asymmetrically coupled fluxes, 
when related to in vivo flux measures, do not exhibit a complete correlation (that is, 
symmetry)2, and are much more frequent than the symmetric fully coupled fluxes (see 
below). Here we examine whether the asymmetric dependencies between proteins, 
as predicted from models of the complete metabolism of species at steady-state, are 
Asymmetric relationships between proteins shape genome evolution
71
reflected in several genomic observables: which protein is expressed without the other, 
which is more essential than the other for survival or growth, which occurs in different 
genomes without the other and, finally, which is gained or lost without the other in 
evolution. To address these questions, we combined the dependencies of all reaction 
pairs in the metabolic networks of Escherichia coli3 and Saccharomyces cerevisiae4 
with genome scale data sets for gene expression5, gene essentiality6,7, growth defects8, 
and phylogenetic distribution9.
Results and discussion
Most coupled reaction pairs have an asymmetric dependency (that is, directional 
coupling): 82% in Saccharomyces cerevisiae4 and 67% in the metabolic network of 
Escherichia coli3 (see Materials and methods). As these asymmetric relations are so 
abundant in metabolism, we asked whether this characteristic is also reflected in other 
system properties of the cell. Given an asymmetrically coupled reaction pair A→B 
where A depends on B, but B does not depend on A (Figure 1), we expect that if one of 
the two reactions is inactive, it is most likely reaction A. To test this, we compared the 
asymmetric reaction pairs in the metabolic networks of E. coli and S. cerevisiae with 
four main types of genome scale data in which genes can be ‘present’ or ‘absent’.
We first assessed the asymmetry in the lethality6,7 and condition-specific growth 
defects8 of gene knockouts. In an A→B situation, we expect that if only one of the two 
genes is essential or affects growth, this will be the B gene: in the absence of gene A, 
a flux may still flow through the reaction catalyzed by protein (gene) B, but without 
B, A cannot function. Indeed, we find that for 87% of the A→B pairs, in which one of 
the genes is essential, B is the essential gene (Figure 2; McNemar test; S. cerevisiae, n 
= 417; E. coli, n = 331; p < 10-36). The result for the condition-specific growth defects 
of non-essential A→B pairs is less pronounced, but still for 64% of the conditions, the 
loss of B causes a greater growth defect than the loss of gene A (Figure 2; two-sided 
Wilcoxon test; S. cerevisiae, n = 141; p < 2 × 10-3).
BA AB
or
Figure 1. Simple examples of asymmetric relationship between reactions A and B (A→B). Nodes and ar-
rows indicate metabolites and metabolic reactions, respectively. At steady-state, the activity (that is, carrying 
a flux) of reaction A depends on the activity of B, but the activity of B is independent of the activity of A, 
because there is an alternative converging or diverging flux (dashed arrows).
Chapter 5
72
We also find a consistency of the asymmetric relations with gene expression 
patterns. Because gene A depends for its function on gene B, there should be few 
conditions where A is expressed without B, relative to situations where B is expressed 
without A. As expected, the B gene is expressed in 61% of the conditions where only 
one of two asymmetrically related genes is expressed (Figure 2; S. cerevisiae, n = 
573; E. coli, n = 1,166; p < 10
-6). In conclusion, these analyses show that asymmetric 
relations between metabolic enzymes are reflected in system properties of the specific 
organisms.
Next, we asked whether the asymmetric relations between enzymes are also 
reflected in evolution. Generally, functionally interacting proteins tend to co-occur 
across genomes10,11. This raises the question of whether the asymmetric relation of 
reactions is also reflected in the evolution of genomes. Although asymmetrically linked 
enzymes tend to co-occur3, if only one of the two enzymes is absent from a genome, 
we expect this to be enzyme A: as A depends on the function of B, it will rarely be 
present in genomes where B is absent. To test this, we analyzed the phylogenetic 
distribution of all E. coli and S. cerevisiae A→B pairs across 373 species9. Indeed, 
gene A is the absent gene in 62% of the species where one of the two genes is absent 
(Figure 2; two-sided Wilcoxon test; E. coli, n = 1,225; S. cerevisiae, n = 2,242; p ≈ 
0). Besides asymmetry in the occurrence of genes in present day species, we also 
expect asymmetry in the gains and losses across evolutionary history. We inferred the 
occurrence of A and B in their ancestors by maximum parsimony12. In line with our 
expectations, gene A is more frequently lost (59%) in cases where a presence of both 
A and B in the ancestor was followed by a loss of either A or B (Figure 2; E. coli, n = 
1,215; S. cerevisiae, n = 1,423; p < 10-7). Gene B is more often gained (60%) in cases 
Figure 2. Asymmetrically linked reaction pairs (A→B) related to asymmetry in gene essentiality, growth 
defects, gene expression and genome evolution. The fraction (f
0/1
 = n
0/1
 / (n
0/1
 + n
1/0
)) where only B is essen-
tial in rich medium (essentiality) or has an effect on the growth across conditions (growth), where only B is 
expressed across conditions (expression), where only B is present across species (occurrence), where only 
B is present after gain, loss or maintenance over evolutionary lineages, and where A is contingently gained 
over evolutionary lineages (contingent gain A) is averaged over all reaction pairs (see Materials and meth-
ods). For conserved pairs there is no relevant result on gain, because too few (n = 2) events were found.
Asymmetry measure (fraction)
E. coli and 
E. coli
S. cerevisiae
0.0 0.2 0.4 0.6 0.8 1.0
essentiality
expression
growth
maintenance
losses
gains
contingent gain A
occurrenceS. cerevisiae (conserved)
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where an absence of both A and B in the ancestor was followed by a gain of either A or 
B (E. coli, n = 605; S. cerevisiae, n = 1,449; p < 10-6). It is also expected that a gain of A 
depends on the presence of B (contingent evolution13). Indeed, a gain of gene A occurs 
more often when B is present (78%; E. coli, n = 824; S. cerevisiae, n = 1,472; p ≈ 0) 
than when B is absent (see Materials and methods). Finally, there are also situations 
where a presence of only one gene in the ancestor is maintained along the evolutionary 
lineage (that is, neither of genes A or B were gained or lost). As expected, maintenance 
of A absent and B present was found more frequently than the reverse (62%; E. coli, n 
= 1,223; S. cerevisiae, n = 2,230; p ≈ 0).
Although the various genomic and phylogenetic properties correlate 
significantly with the asymmetric relationships in the metabolic networks of E. coli 
or S. cerevisiae, exceptions remain where gene A is present while gene B is not. How 
can this be explained? For phylogenetic presence/absence patterns, one explanation 
for these irregularities is species-specific differences in metabolism. For example, the 
large scale replacement of amino-acid biosynthetic pathways by amino acid importers 
in Thermofilum pendens14 has led to a situation where aspartate semialdehyde 
dehydrogenase (asd), one of the basal enzymes for amino-acid synthesis, is absent 
while homoserine kinase (thrB), which depends on asd, is still present (Figure 3). To 
examine such cases with unexpected phylogenetic occurrence systematically, we listed 
all asymmetrically dependent reaction pairs that lost gene A but not gene B in at least 
five monophyletic species (the expected pattern), and also lost gene B but not gene A 
in at least five monophyletic species (the unexpected pattern). Species with both genes 
present or both genes absent were allowed in both partitions (Additional data file 1 at 
Genome Biology website). Some of these cases indeed reflect a change of metabolism, 
Aspartate semialdehyde 
dehydrogenase 
(asd)
Homoserine kinase 
(thrB)
Lysine synthesis Methionine synthesis
Threonine synthesis
asd
thrB present absent
present 184 129
absent 1 59
Figure 3. The asymmetric relationship between asd and thrB, two proteins conserved between E. coli (solid 
arrow) and S. cerevisiae (dashed arrow), is reflected in their asymmetric phylogenetic distributions. The ac-
tivity of asd does not depend on thrB while the activity of thrB does depend on asd. Although in most cases 
both enzymes are present or absent together (243), thrB is more frequently absent while asd is present (129) 
than vice versa (1). The exception to the pattern comes from Thermofilum pendens, a species that has lost a 
large number of amino acid biosynthetic pathways, and imports most of its amino acids14. Note that a second 
asymmetric reaction pair between asd and the initial enzyme in the lysine synthesis pathway, present in E. 
coli, is not conserved in S. cerevisiae.
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such as ubiquinone synthesis, which, in a species like S. cerevisiae, depends on the 
tryptophan biosynthesis pathway, while in Homo sapiens tryptophan is part of the diet 
and tryptophan biosynthesis has been lost but ubiquinone synthesis has been conserved. 
In most cases of unexpected loss, however, B has been replaced by a non-orthologous 
functional equivalent. Thus, the metabolic dependency of reaction A on B as identified 
in our reference metabolism may have remained intact, but the protein catalyzing B 
has changed. We also found cases of multiple functional specificities in orthologous 
group A, corresponding to a different substrate specificity of A in the species where B 
was lost, relative to the reference species E. coli or S. cerevisiae (Additional data file 
1 at Genome Biology website).
Even when genes and reactions are conserved across evolution, the nature 
of their relation can vary among species, as it depends on the overall functional 
and metabolic capabilities of the organism. Such variations could reduce the extent 
of asymmetry in the phylogenetic distribution. If this is the case, we expect to find 
a stronger correlation for genes with a conserved asymmetric dependency between 
the distantly related species E. coli and S. cerevisiae (see Figure 3 for an example). 
Indeed, we find a stronger correlation between the asymmetry in metabolism and the 
asymmetry in genomic occurrence across present day species and ancestral states if 
we consider reaction pairs with a conserved asymmetric relationship (n = 16) between 
the two studied networks (approximately 90%; Figure 2). Nevertheless, this set of 
conserved reactions has few exceptions to the predicted asymmetry which, like the 
exceptions above, can be explained by differences in the metabolism between species 
(Additional data file 2 at Genome Biology website).
Having established that asymmetric dependencies derived from the metabolic 
networks are reflected in both species-specific system properties and evolution, we 
asked whether this correlation could simply be an effect of local network topology rather 
than the complete metabolism. We defined network distance between two reactions 
in the network as the minimal number of metabolites that separate them. For all the 
genomic properties studied, we find in most cases that the asymmetry is actually more 
pronounced at larger (non-trivial) network distances (d ≥4), with a fraction ranging 
from 56% to 99% (Additional data file 3 at Genome Biology website). This shows that 
the asymmetric dependencies are not simply an effect of local network topology.
Conclusions
We show here that the relationships between proteins that arise from their 
functional dependencies can have an important influence on other elements of the 
biological system. The analysis of relationships between genes has so far focused on 
symmetric relations, including correlated and anticorrelated phylogenetic distributions 
of genes, and on higher order logic10,11,15,16. Our findings underline the relevance of 
asymmetric binary relationships between proteins, such as those that can be inferred 
from metabolic networks, to explain the evolution and functioning of the system. We 
demonstrate that asymmetric flux relations between enzymes are more abundant than 
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symmetric relations. Furthermore, we show that this asymmetry is reflected in gene 
expression, gene essentiality and the evolution of genomes, even for proteins at large 
metabolic distances. Our results suggest a potential to predict asymmetric functional 
relations between proteins on the basis of genomic data.
Materials and methods
Flux coupling analysis 
Flux coupling1 between reactions within the genome-scale metabolic networks 
of E. coli K12 (iJR904 GSM/GPR)17 and S. cerevisiae iLL67218 was based on two 
recent studies3,4. Flux coupling relies on minimization and maximization of flux ratios 
(Rmin = lowest possible vA/vB ratio and Rmax = highest possible vA/vB) to determine the 
dependency between reaction A and B within the network (at steady-state19), given 
mass-balance constraints and flux capacity constraints (range of possible flux values; 
see also1 for details). 
In this study we mainly investigated the most abundant type of flux coupling, 
referred to as directional coupling (asymmetric dependency): the activity (flux) of one 
reaction (A) implies the activity of the other (B), but not necessarily the reverse (A→B, 
Rmin = 0 and Rmax = finite value). These reactions are coupled, but may not always operate 
together. In contrast, in fully coupled pairs (symmetric dependency) the activity of one 
reaction implies the activity of the other and vice versa (Rmin = Rmax = finite value). 
Calculations were done without assuming a constant biomass composition to avoid 
coupling of a large set of fluxes to the biomass reaction. All biomass components were 
allowed to be drained independently of one another (see1,2 for details). Directional 
coupling between reactions was computed at a condition where all external nutrients 
were allowed for uptake and secretion (via capacity constraints on the exchange fluxes 
with environment)3,4.
Network distance 
Network distances (d) were calculated by representing the network as a 
directed graph consisting of nodes (metabolites) and edges (reactions), and applying 
a shortest path algorithm. Distances correspond to the minimal number of nodes that 
separate any two reactions in the network. To increase the functional relevance of 
network distance, we removed the most highly connected nodes, including ATP, ADP, 
AMP, CO2, CoA, glutamate, H, NAD, NADP, NADH, NADPH, H2O, NH3, phosphate, 
and pyrophosphate20.
We grouped directionally coupled pairs (A→B) into two network distance 
groups - close network distance (d <4) and non-trivial distance (d ≥4) - to investigate 
whether the identified asymmetric relations are independent of network distance. Our 
conclusions are not affected by the exact distance cut-off between small and large 
network distance (Additional data file 3 at Genome Biology website).
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Gene essentiality
Essentiality data for S. cerevisiae was obtained from the MIPS (Munich 
Information Center for Protein Sequences) database7 (gene disruption table, 14-
11-2005). Only essentiality information that referred to an original publication was 
retained, that is, database entries with a PubMed ID. If a gene was classified as both 
essential and non-essential by different sources, we assigned essentiality according to 
a majority rule and if no decision was possible, we marked the gene as ambiguous. For 
E. coli, we used the gene essentiality determined by Gerdes et al.6. We analyzed the 
essentiality on the level of reactions, using the gene-reaction associations as defined in 
each metabolic model. Reactions can be catalyzed by complexes of multiple enzymes 
(subunits linked by ‘AND’ in the model). Only if all subunits of an enzyme complex 
were essential did we consider the reaction essential. Conversely, only if all subunits 
were non-essential was the reaction considered non-essential. Otherwise, reactions 
were discarded. Reactions can also be catalyzed by iso-enzymes (linked by ‘OR’ in the 
model). If the individual iso-enzymes are classified as non-essential in single knockout 
experiments, it is still possible that the reaction is essential, because the loss of one 
iso-enzyme can be compensated by the other iso-enzymes. For this reason, we did not 
consider reactions with iso-enzymes. We summarized the combinations of essentiality 
and non-essentiality of all directionally coupled reactions in a 2×2 contingency table 
and tested for its symmetry by a McNemar test as implemented in R21.
Growth defects of gene knockouts 
We used the condition-specific growth data of Hillenmeyer et al.8 restricted 
to measurements at generation 5 of homozygous strains (12 conditions including 
dropouts of adenine, arginine, isoleucine, lysine, threonine, tryptophan, or tyrosine, 
as well as YP glycerol, minimal, sorbitol, synthetic complete media). We used the 
empirical p-values published by Hillenmeyer and co-workers8 to derive binary profiles 
of significant (1) and insignificant (0) growth defects. To obtain unique p-values for 
every gene and condition, we calculated the geometric mean over batches, pools and 
scanners. A growth defect was considered significant if this average p-value was <10-3. 
The mapping from gene to reaction level was done in the same way as for the essentiality 
data (see above). Subsequently, for each reaction pair A→B with a corresponding pair 
of growth effect profiles we calculated the fraction (f
0/1
) of conditions in which reaction 
A showed no growth effect while reaction B did (n
0/1
), relative to the total number of 
conditions in which only one of the reactions showed a growth effect (n
0/1
 + n
1/0
). We 
tested the distribution of these fractions against the null-hypothesis that there is no 
bias, that is, no asymmetry (H0: f0/1 = 0.5), with the two-sided one-sample Wilcoxon 
test as implemented in R21. We averaged the calculated fractions over all pairs. For this 
and all other datasets, our results were qualitatively the same if we summarized the 
distribution as the mean or as the fraction of reaction pairs with a f
0/1
 >0.5.
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Gene expression
The expression data were based on 13 studies with 327 conditions for S. 
cerevisiae and 12 studies with 420 conditions for E. coli (Additional data file 4 at 
Genome Biology website). These data were obtained from the Gene Expression Omnibus 
(GEO)5 at the National Center for Biotechnology Information (NCBI). Presence 
(expressed)/absence (not expressed) calls were made using the BioConductor affy 
package22. For each experimental condition, the presence/absence calls of individual 
genes were translated into ‘presence/absence calls’ of reactions based on the gene-
reaction associations. Reactions that were catalyzed by multiple enzymes (iso-enzymes 
or subunits; see above) were considered present if at least one of the iso-enzymes or 
all subunits of enzyme complexes were present. For each reaction pair A→B with a 
corresponding pair of expression profiles, we calculated the fraction (f
0/1
) of conditions 
in which reaction A is absent while reaction B is present (n
0/1
) relative to the total 
number of conditions in which only one of the reactions is present (n
0/1
 + n
1/0
). We 
tested the distribution of these fractions against the null-hypothesis that there is no 
bias - that is, no asymmetry (H0: f0/1 = 0.5) - with the two-sided one-sample Wilcoxon 
test as implemented in R21.
Reaction-level phylogenetic profiles and ancestral state reconstruction 
We constructed phylogenetic profiles that denote the presence and absence 
of enzymes across 373 species according to the STRING 7.0 orthologous groups9. To 
explore the presence and absence of reactions across species, we mapped the enzyme 
orthology information to the reactions-level using the gene-reaction associations. In 
situations of iso-enzymes, we considered the reaction present in a species if at least one 
iso-enzyme was present. If a reaction was catalyzed by an enzyme that had multiple 
subunits, it was considered present in a species only if all these subunits were encoded 
in the genome. For each reaction pair A→B with a corresponding pair of ‘reaction-
level’ phylogenetic profiles, we calculated the fraction (f
0/1
) of genomes in which 
reaction A is absent while reaction B is present (n
0/1
) relative to the total number of 
genomes in which exactly one of the reactions is present (n
0/1
 + n
1/0
). We tested the 
distribution of these fractions against the null-hypothesis that there is no bias - that 
is, no asymmetry (H0: f0/1 = 0.5) - with the two-sided one-sample Wilcoxon test as 
implemented in R21.
We inferred the most parsimonious ancestral presence/absence states of A 
and B using a phylogenetic tree of all 373 species included in this analysis (this tree 
contained some multifurcations to account for uncertainties9) and PAUP12. The tree 
was manually rooted at the trifurcation of eukaryotes, Eubacteria and Archaea. All 
results were based on a gain/loss cost ratio of 2/123 and a delayed transition assumption 
(‘DELTRAN’). Importantly, varying the parameters did not affect our conclusions.
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We examined for each reaction pair A→B the following situations: type i, 
both reactions are absent in the ancestor and one is gained in the descendent; type ii, 
both reactions are present in the ancestor and one is lost in the descendent; type iii, 
the presence of exactly one of the reactions is maintained, that is, no change of state 
occurs. We calculated the fraction (f
0/1
) where B was gained (n
0/1
, type i) and where 
A was lost (n
0/1
, type ii) or maintained (n
0/1
, type iii) relative to the total number of 
instances of that type (that is, n
0/1
 + n
1/0
). We tested the distribution of these fractions 
(over all AB pairs) against the null-hypothesis as mentioned above.
To analyze contingent gain of A, we determined for all gain events of A 
whether B was already present in the ancestor or not. The fraction of gains in presence 
of B (over all AB pairs) was tested against the null hypothesis that a gain of A is 
independent of the presence of B (that is, H0: fgain of A in presence of B = 0.5).
Conserved directionally coupled reaction pairs 
 We considered a reaction to be conserved between S. cerevisiae and E. coli 
if it was catalyzed by orthologous enzymes. In the case of iso-enzymes we required that 
at least one orthologous enzyme was present in both organisms. For reactions catalyzed 
by enzyme complexes, we required that orthologs of all subunits were present in both 
organisms. The deviation of the asymmetry in gene gain, loss and maintenance was 
tested as discussed in the section ‘Reaction-level phylogenetic profiles and ancestral 
state reconstruction’.
 The absolute number of conserved directionally coupled pairs is limited 
(n=16) because conservation of directional coupling required: both genes of a pair to 
be present in S. cerevisiae and E. coli; the type of coupling to be conserved; and the 
directionality (A→B) to be conserved.
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Abstract
 There has been considerable recent interest in deciphering the adaptive 
properties underlying the structure and function of metabolic networks. Various 
features of metabolic networks such as the global topology, distribution of fluxes and 
mutational robustness, have been proposed to have adaptive significance and hence 
reflect design principles. However, whether evolutionary processes alternative to 
direct selection on the trait under investigation also play a role is often ignored and 
the selection pressures maintaining a given metabolic trait often remain speculative. 
Some systems-level traits might simply arise as by-products of selection on other traits 
or even through random genetic drift. Here we ask which systems-level aspects of 
metabolism are likely to have adaptive utility and which could be better explained 
as by-products of other evolutionary forces. We conclude that the global topological 
characteristics of metabolic networks and their mutational robustness are unlikely to 
be directly shaped by natural selection. Conversely, models of optimal design revealed 
that various aspects of individual pathways and the behaviour of the whole network 
show signs of adaptations, even though the exact selective forces often remain elusive. 
Comparative and experimental approaches, which so far have been relatively rarely 
employed, could help to distinguish between alternative adaptive scenarios. 
Introduction
 One of the major goals of biology is to understand phenotypes in the light of 
evolution. Recent advances in molecular biosciences has enabled the characterization 
of cellular networks and uncovered biochemical phenotypes that were invisible 
before1. Despite the unprecedented progress in elucidating the structure and operation 
of molecular networks, it remains poorly understood what aspects of these networks 
are adaptive, that is increase the fit of the organism to their environment, and by which 
evolutionary forces they have become established. Although it is often suggested that 
some systems-level network properties, such as scale-free topology2 (see Table I for 
a glossary of terms), robustness against mutations3, pathway regulation4, metabolic 
flux states5, are direct products of natural selection and have certain adaptive utility, it 
is rarely examined whether these properties could arise by non-adaptive evolutionary 
processes (e.g. mutation and genetic drift) or as indirect by-products of other adaptive 
processes6,7. For example, it has been theoretically shown that the evolution of 
transcriptional regulatory pathways could be, to a large extent, driven by mutation 
and drift8 and the connectivity distribution of metabolic networks could emerge as 
a consequence of selection for growth rate without the need to invoke selection for 
mutational robustness9. Understanding the evolutionary forces and selection pressures 
shaping biochemical networks would be important not only to gain insight into the 
design principles that govern cellular behaviour but also to know which biochemical 
traits are amenable to engineering principles, such as optimisation. Engineering 
principles can be utilized to fill in gaps of our knowledge and enables us to make 
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predictions for systems behaviour without knowing all mechanistic details (constraint-
based modelling) and also could facilitate the design of novel synthetic biochemical 
circuits10.
What tools are available for revealing adaptations in biochemical networks? 
Just as comparisons of an explicit null model to alternative models of molecular 
evolution can be employed to detect adaptive evolution in protein sequences11, it is, 
in principle, also possible to formulate mechanistic models of biochemical network 
evolution and ask which one is sufficient and necessary to explain the observed network 
properties. Although, ideally, network evolution models should be constructed within a 
population-genetic framework, models with such details have so far been put forward 
Adaptations: properties (or phenotypes) that increase the fit of the organism to its environment 
and which are favoured by natural selection.
Degree distribution: gives the probability, P(k), that a selected node in the network has 
exactly k links (i.e. number of connections with other nodes).
Dispensable gene: a gene whose deletion (or inactivation) does not have a detectable fitness 
effect.
Enzyme kinetics: study of metabolic (biochemical) reactions in terms of rates.
Fitness landscape: visualizes the relationship between genotype and fitness. The plane 
of the landscape contains all possible genotypes in such a way that similar genotypes are 
located close to each other on the plane and the height of the of the landscape reflects the 
fitness of the corresponding genotype.
Genetic drift: stochastic changes in allele frequencies in a population that occur owing to 
random sampling effects in the formation of successive generations.
Metabolic flux: turnover rate of substrates through metabolic reactions or pathways.
Mutation accumulation experiments: spontaneous mutations are allowed to accumulate 
over many generations by ensuring a very small effective population size where genetic 
drift overwhelms natural selection (hence the sampling of mutations is nearly unbiased).
Mutational robustness: phenotypic constancy in the face of mutations.
Natural selection: the process by which favourable heritable properties of individuals become 
more common (and unfavourable traits become less common) in successive generations of a 
population of reproducing organisms.
Network diameter: the average shortest distance (or minimal number of links) between any 
two nodes in the network. Scale-free networks show small diameters due to the existence 
of highly connected nodes.
Scale-free network: a network whose degree distribution follows a power law, P(k) ~ k–γ 
(that is, it contains a small number of highly connected nodes (called ‘hubs’) and a high 
number of nodes with few links).
Trade-off (in evolutionary biology): two traits are in trade-off relation when an increase in 
fitness due to a change in one trait is opposed by a decrease in fitness due to a concomitant 
change in the second trait.
Yield: a ratio indicating how many moles of product are obtained per mole of substrate 
used.
Table I. Glossary
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for transcriptional regulatory networks only8. A general limitation of this approach is 
that biologically relevant null models of network evolution are difficult to construct12. 
Applying optimality theory is a far more common approach to study 
adaptation above the level of biological sequences, and involves the construction 
and testing of hypotheses about the adaptive utility of the trait under investigation13. 
Indeed, optimization principles have not only been applied to understand the adaptive 
value of macroscopic and behavioural traits, such as clutch size in birds, but also to 
analyse adaptation at the level of biochemical pathways and networks14. Constructing 
an optimality hypothesis also requires specifying a range of alternative phenotypes, 
which are considered physically and chemically plausible and would be also possible 
for evolution to achieve. Although the physicochemical plausibility of alternative 
biochemical phenotypes might be straightforward to judge, it is much less clear how 
far the availability of genetic raw material or population genetic processes constrain the 
possible outcomes of molecular network evolution. It has, for example, been suggested 
that the mechanism of gene duplication could be responsible for the evolutionary 
origin of certain universal topological properties of molecular networks15, but the role 
of duplication in network evolution clearly differs between eukaryotes and bacteria16. 
Thus, until we have a better understanding of how generation of genetic variation 
influences the range of possible phenotypes available for natural selection, the best one 
can do is to define biochemically plausible alternative molecular networks. 
Given a well formulated adaptive hypothesis, it can be, in principle, tested by 
three main approaches: (i) engineering models (comparing the actual trait to the one 
predicted by a hypothesis about optimal design, e.g. an engineering model, see Figure 
1), (ii) comparative method (if different species are predicted to have altered forms of 
an adaptation as a result of different selective pressures) and (iii) experiments (if the 
trait can be manipulated experimentally and the performance of the alternative forms 
can be investigated). The usefulness of applying different complementary techniques to 
test adaptive hypotheses can be best demonstrated by examples from behavioural and 
evolutionary ecology where these methods are extensively utilized17. For example, to 
understand how sex ratio (the ratio of males to females) is adaptive, theoretical models 
have been put forward with the ability to predict both the frequently observed 1:1 
ratio and deviations from it18. Bias in sex ratios can also be investigated by comparing 
species with different sex ratios: for instance, a female-biased sex ratio was observed 
in a wasp species where sons are more costly to produce than daughters compared to 
a related wasp where the two sexes have similar costs19. Furthermore, monitoring the 
dynamics of sex ratio after establishing laboratory populations with skewed sex ratios 
can be used to experimentally demonstrate that natural selection drives the population 
towards the theoretically predicted stable sex ratio20. In contrast to the widespread use 
of comparative methods and experimental manipulations in the field of behavioural 
ecology, these approaches are rarely applied to test hypotheses on the adaptive utility 
of cellular network properties and most studies on biochemical adaptations exclusively 
employ engineering models21-23.
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Microbial metabolic networks are excellent candidates to gain insights into 
systems-level cellular adaptations not only because they are well characterized and 
available for a large number of organisms, hence amenable to comparative approaches, 
but also because their phenotypic behaviour can be more readily predicted than those of 
other molecular networks. Thus, in the present Perspective we will focus on metabolic 
networks to revisit which systems-level aspects are adaptive and what selective forces 
might be driving the emergence of these properties (e.g. selection for higher growth 
rate or efficiency, selection to increase robustness against mutations or environmental 
changes). We will also propose experimental and comparative approaches to test 
alternative adaptive hypotheses of metabolic systems properties.
Global topological properties of metabolic networks are unlikely to be 
adaptive
 Large-scale structures of biochemical networks are often described by 
abstract topological metrics borrowed from graph theory, such as degree distribution 
and network diameter (see Table I, Glossary), and several structural properties of 
metabolic networks have been reported, which are absent in random networks2. For 
example, the connectivity of metabolites follows a power-law distribution (i.e. few 
highly connected “hub” metabolites dominate the overall connectivity of the network), 
a scaling property shared with other complex systems, such as the Internet, but not 
observed in random networks15. As networks with power-law degree distributions 
demonstrate high robustness against random errors (i.e. random removal of nodes), 
it has been proposed that such a property of metabolic networks reflects the design 
principle of error-tolerance, and therefore it has adaptive utility for the organisms2. 
Furthermore, a comparison of metabolic networks across prokaryotes showed that 
several graph metrics are correlated with the optimal growth temperature24. Therefore 
it might be tempting to conclude that both simple engineering models and inter-species 
comparisons support the view that global topological properties of metabolic networks 
can be shaped by natural selection. But could it be possible that these properties emerge 
as indirect by-products of evolutionary processes unrelated to direct selection on the 
property itself?
Indeed, several lines of theoretical reasoning and empirical evidence are 
consistent with the latter possibility. First of all, the functional relevance of some 
graph-theoretical metrics has been questioned25 and it is generally unclear how 
global topological properties are connected to observable biological functions and 
organismal fitness6,26. For example, a closer inspection of error tolerance in metabolic 
networks showed that metabolite connectivity does not correlate with the essentiality 
of enzymatic reactions26. Although this finding is incompatible with the idea that 
robustness against enzyme deletions is a consequence of power-law connectivity 
distribution, it is unsurprising given that organismal fitness depends on the ability of 
metabolism to produce certain key output molecules (e.g. biomass components) from 
nutrients and even lowly connected nodes embedded in linear pathways can be crucial 
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for this function. As we shall discuss later, tolerance against random mutations can be 
better explained by other properties of metabolism, such as the presence of functionally 
distinct parallel pathways. In a similar vein, it remains unclear how differences in 
the topological properties of metabolic networks can confer adaptedness to different 
environmental temperatures. Second, it seems that the degree distribution observed 
in metabolic networks is a very general property of chemical reactions networks: it 
has been reported that the chemical networks of planetary atmospheres also display 
similar degree distributions27 despite the fact that they do not exist in living organisms 
and hence cannot be the result of natural selection. Finally, using an explicit computer 
simulation of early metabolic network evolution, it has been demonstrated that power-
law-like connectivity distributions can emerge as a by-product of selection for growth 
rate9. Thus, available observation and reasoning supports the view that some global 
topological properties, such as connectivity distribution and network diameter, are 
unlikely to be the result of direct selection for such properties, but rather emerge as 
indirect by-products of other evolutionary processes.
Evidence for adaptive structural and regulatory features in well-studied 
metabolic pathways
 In contrast to the properties derived from the global network topology (i.e. 
graph-theory), the structural (stoichiometric) and kinetic properties of individual 
metabolic pathways can easily be related to functional metrics, such as flux level, 
thermodynamic efficiency, metabolic concentrations, transient times, among others22. 
Hence, one might expect direct selection on these properties to increase some fitness 
components (e.g. production rates or yields of key metabolic compounds). Various 
studies have been conducted to investigate whether the structural and kinetic 
properties of commonly observed pathways, such as glycolysis, are likely to be shaped 
by selection. These studies mainly relied on engineering models in which the actual 
observed properties of the pathway were compared to those resulting from optimization 
approaches. The crux –and weakness– in these approaches is the mapping between 
fitness and functional metrics (Figure 1). As we will see, in most cases in this and the 
next section, output flux is taken as the optimisation criterion, but this alone cannot 
explain many observations.
The most intensively studied pathway is glycolysis, a pathway that converts 
glucose into pyruvate by investing ATP and subsequently gaining a surplus of ATP. The 
production and consumption of ATP at certain locations in the pathway is one structural 
property that is recovered in optimal solutions of mathematical models when ATP 
production rate is maximised in comparison to other possible pathway structures28,29. 
More recently, it has been shown that this structural property also correlates with 
pathway stoichiometries that were identified by optimizing ATP production rate by a 
genetic algorithm (evolutionary optimization)30. Besides elucidating adaptive features 
of glycolysis, other pathways have been investigated, such as the pentose phosphate 
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pathway31. For this pathway it has been shown theoretically that, when one again 
maximises flux through the pathway, a structure emerges that is characterized by the 
least number of reaction steps (referred to as ‘simplicity’), which corresponds well to 
the ‘real’ pathway. Additional findings suggest that metabolic pathways, in general, 
have evolved to have the least number of steps and, at the same time, the maximum 
number of excess ATP produced32.    
It has been reported that pathway structures, such as glycolysis or citric 
acid cycle, vary among species with different ecological niches and phylogenetic 
positions33,34. Taken together with the fact that most studies focus on adaptations in 
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Figure 1. Common approaches in the study of design principles in metabolic networks. In general, one is 
interested in mapping molecular design to fitness. How can this be done? One route is to define a hypoth-
esis about what system specifications confer a fitness contribution in the system under study (process 2). 
For example, the hypothesis could be that growth rate is the main (or only) determinant for fitness under 
constant environments. With this hypothesis in mind, engineering models can be used to test what molecular 
design of the system specification (e.g., a genome-scale metabolic network) would be optimal with respect 
to growth rate (process 1). The results can then be compared to the actual behavior of cells. Although sug-
gestive, this does not strictly prove that the molecular design was actually selected for that trait, because 
the hypothesis about fitness cannot be independently proven. Therefore, process 3 is important, i.e., show 
either by fitness measurements of alternative forms of the molecular design, by comparative studies between 
organisms with well-defined environmental niches, or by adaptive evolution studied under well-defined 
conditions that the molecular design in question can be directly shaped by natural selection instead of merely 
being a by-product of other evolutionary processes.
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pathways of single organisms, such as E. coli or S. cerevisiae, it raises the question 
whether variations among species reflect adaptation to different ecological niches or 
are rather the result of chance historical events without any adaptive significance. 
Comparative studies may shed light on this question. For example, a recent comparison 
of two strains of the photosynthetic marine green alga Ostreococcus showed that the 
strain living in deep sea environment has an alternative electron flow to oxygen not 
observed in the strain living close to water surface. It has been proposed that differences 
in photosynthetic electron flow might reflect an adaptation to sustained light and/or 
nutrient limitations in deep sea environments35.
An alternative strategy to infer adaptations would be a combination 
of comparative and engineering approaches. For instance, one might construct 
species-specific engineering models reflecting the organisms’ actual ecological 
niche and primary fitness components (e.g. growth yield or rate). Subsequently, the 
computationally predicted optimal pathway structures would be compared to those 
observed in the organisms living under different ecological conditions. A similar strategy 
demonstrated that some of the differences in the metabolic gene content between two 
related endosymbiotic bacteria can be explained by differences in their lifestyles and 
interactions with the host organisms36. It remains to be elucidated, however, whether 
different optimal pathway stoichiometries have actually been realized by organisms 
thriving under different environmental conditions. 
In addition to structural design in certain well-studied metabolic pathways, 
adaptations in the regulation of pathways have also been uncovered using engineering 
models. For example, precise timing of gene expression, also referred to as ‘just-
in-time’ transcription, of the enzymes that catalyze the consecutive reactions along 
a linear pathway, is a property that becomes apparent when optimizing for a rapid 
production of end products with minimal protein investments4,37. Another example of 
regulation comes –again– from the stoichiometric design of glycolysis. This “design” 
of glycolysis in S. cerevisiae has been compared to a turbo engine, with important 
implications for its regulation38. In short, the autocatalytic or turbo design of glycolysis 
requires a negative feedback (or brake) at the early steps in glycolysis to prevent 
substrate-accelerated death caused by uncontrolled uptake of substrate. The nature and 
strength of this feedback, however, can be related to the environmental conditions of 
the pathway, i.e. to whether the pathway is likely to experience large fluctuations in the 
substrate39. Interestingly, where S. cerevisiae appears robust against large fluctuations 
in glucose levels, it cannot handle similar fluctuations in maltose as it lacks the negative 
feedback40. This may reflect the environmental history of this organism, and would 
possibly allow one to conclude that this particular regulation of glycolysis is adaptive, 
conferring robustness to specific fluctuating environments.
It appears, therefore, that even though studies on structural design of metabolic 
pathways point to a relationship with maximal output of that pathway, other functional 
requirements, largely driven by environmental factors experienced throughout the 
evolutionary history of an organism, are needed to explain all aspects of metabolism. 
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Although this conclusion may be trivial, it once again stresses the difficulty of mapping 
fitness to functional metrics if the evolutionary history of the organism is unknown. 
We therefore either need comparative studies between organisms with a well-defined 
evolutionary history (or ecological niche), or adaptive evolution experiments in which 
adaptation is followed under well-defined environmental conditions41. Nevertheless, on 
the pathway level there are several lines of support for adaptive properties. However, 
since pathways are embedded in large metabolic networks, the question arises 
whether such evidence for adaptation can be found at the global level of intermediary 
metabolism. 
Adaptations in metabolic network behaviour 
 The phenotypic behaviour of large and complex metabolic networks can be 
arguably best described by intracellular reactions rates (i.e. fluxes) as these are the 
functional end points emerging from protein – metabolite interactions and various 
levels of regulatory interactions42. There have been many experimental and theoretical 
studies that deal with flux distributions in metabolic networks (for reviews, see42-44). 
Most of these studies fall within the engineering approach. The most popular approach 
is constraint-based modelling, in which mass balance and capacity constraints are 
used to define a space of all feasible flux states – the so-called solution space. Within 
this space, optimal states, i.e. flux distributions of the network, can be found that 
maximizes or minimizes a certain objective function (flux balance analysis, FBA). 
These engineering models show clear support for the adaptive utility of flux states 
under some circumstances: studies applying optimisation principles to intracellular 
flux states demonstrated that, under some environmental conditions, in vivo fluxes are 
distributed in such a way as if biomass production was maximized23,45.
An important indication that flux states can indeed be adaptive comes from 
adaptive evolution experiments. In these experiments, cells are grown for longer 
periods (500-1000 generations) in relatively constant environments, a condition in 
which strains are selected mainly on the basis of growth rate41. In a number of studies 
the flux state of evolved strains was altered to reflect the optimal flux distribution 
for producing biomass in a predefined environment46. Although these studies do not 
directly prove that flux states are adapted in the wild type, they strongly suggest that 
flux states can be easily shaped by natural selection. 
It is, however, important to discuss cases where optimality models fail as it 
highlights important limitations to the use of constraint-based modelling techniques47. 
The argument is rather subtle: even though in the mathematical formalism the growth 
rate is being maximized, the necessary input constraints (or normalisation procedure, 
needed to bound the solution space) force the optimisation solution towards a flux 
distribution in which the yield on the limiting input flux is maximal47,48. Hence, FBA 
always predicts the most efficient conversion from the input flux (limiting nutrient) 
to the output flux (growth rate). It therefore fails to predict the behaviour of cells that 
do not metabolize nutrients most efficiently. It can however be questioned whether 
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one can be sure that, in an experiment, suboptimal yield is due to a deliberate evolved 
strategy of the cell (i.e. inefficient operation), rather than by the presence of another 
hidden limiting factor (therefore still operating efficiently relative to this factor)? 
In this context, oxygen (or respiratory capacity) is often considered as a possible 
limiting factor49,50. However, we will give here a clear example of deliberate inefficient 
metabolism from our own experience: the behaviour of lactic acid bacteria (Schuster 
gives other examples47). These bacteria produce lactic acid where FBA predicts mixed 
acids to be formed, resulting in much higher in silico growth rates than observed 
experimentally48. This takes place anaerobically, so there is no uncertainty with 
respect to limitations in oxygen or respiration. Crucially, Lactobacillus plantarum is 
still homolactic (i.e. inefficient) in a glucose-limited chemostat at a dilution rate that is 
only 20% of its maximal growth rate on that medium. Under these conditions, addition 
of glucose led to increased biomass in the fermentor, indicating a glucose limitation 
(see48 and unpublished data). Moreover, many regulatory mechanisms exist in lactic 
acid bacteria (e.g. see51) that actively inhibit the mixed acid branch in the presence of 
glucose, strongly suggesting that these bacteria change metabolic strategy in disfavour 
of yield (but possibly in favour of growth rate, see below). 
Despite the L. plantarum counter example, FBA with growth rate maximization 
tends to work on poor carbon sources or in glucose-limited chemostats at relatively 
low growth rates, conditions where efficiency is likely to be a relevant strategy towards 
increased fitness and thus the resulting flux states of the network are likely to be adaptive. 
For other conditions, either alternative objectives have been formulated23, or ad hoc 
(experimentally-derived) specific capacity constraints on efficient pathways are used 
to steer flux towards suboptimal pathways49,52. In the latter case models become more 
descriptive, and less predictive. An alternative approach with higher predictive value is 
to impose a general upper limit constraint on the total concentration of enzymes, hence 
intracellular fluxes, representing the phenomenon of molecular crowding53. However, 
it remains to be seen how far the adaptive value of inefficient use of nutrients can be 
addressed within the constraint-based modelling framework.
The adaptive value of inefficient metabolism has been also discussed in the 
context of game theory. On the basis of thermodynamic (and partly experimental, 
see54,55) arguments, a trade-off between yield and rate in ATP production was shown 
theoretically to lead to a “tragedy of the commons”54,56. The basic idea is that organisms 
have two options, either convert substrate into biomass efficiently, but slowly, or 
consume the substrate fast with concomitant fast growth, but inefficiently. The latter 
means that less offspring is produced per substrate quantity. These studies show that 
inefficient metabolism is optimal at the level of the individual cells (as it leads to higher 
growth rates in these models) at the cost of the fitness of the population as a whole (in 
terms of the number of offspring from the resource). Efficient metabolism is only stable 
in these models when there is a structural distribution of the substrate, stimulating kin-
selection in local patches, or when frequency-dependent costs associated with the toxic 
by-products of inefficient metabolism (such as lactate or ethanol) are included. 
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The game theoretical approaches so far have been relatively simple, ignoring 
important aspects such as phenotypic plasticity57, allowing single cells to switch 
in strategy, rather than looking at pair-wise competition between fixed strategies. 
What is perhaps the most important contribution of game theoretical approaches to 
metabolism is the emphasis on cost-benefit analyses and trade-offs within metabolism 
for understanding metabolic strategies. The importance of such trade-offs has also 
been stressed by an empirical cost-benefit study showing how a trade-off between 
metabolic benefit and protein cost (both in terms of growth rate changes) affects the 
fine-tuning of expression levels in E. coli58. Indeed, in both constraint-based modelling 
and game-theoretical approaches the costs of alternative pathways in terms of protein 
synthesis are not (or not explicitly) taken into account. Yet, the protein cost argument 
was implicitly used in the understanding of pathway topology in the previous section, 
through the use of flux (or number of steps) minimization.
Within the context of stoichiometric models, there has been -to our knowledge- 
one other approach where a rudimentary cost-benefit analysis was explicitly used to 
predict regulation of metabolic enzymes. In this approach, a combined measure of 
pathway yield and length was used to predict the relative contribution of an enzyme under 
certain environmental conditions59. The authors showed a good correlation between 
the relative contribution of an enzyme and the expression level of the associated genes. 
Although this study has not been followed up extensively, it is an interesting example 
of combining different functional metrics to predict global regulation of metabolic 
pathways. It also illustrates that multiple objectives will probably have to be combined 
to understand all aspects of design and regulation of metabolic pathways. We therefore 
expect extension of this research in the direction of multiple objective optimisation, 
highlighting important trade-offs that cells face in adapting to the environment.
Robustness against gene deletions appears to be a by-product of environ-
mental adaptation
 Organisms show considerable robustness against the effects of mutations, 
including gene deletions, and it has been suggested that this property might be an 
evolved capacity of genetic networks to compensate for mutations3. Although large-
scale functional genomics screens conducted in different organisms have established 
that most genes appear to be “dispensable” (or have only very weak effects) under 
standard laboratory conditions60, the presence of dispensable genes does not 
necessarily imply evolved compensation capacity against null mutations. First of all, 
some dispensable enzymatic genes might catalyze reactions that are inactive under 
the tested condition (i.e. carry zero flux), hence there might be no need to invoke 
any compensatory mechanisms to explain their dispensability61,62. These functionally 
inactive genes might become important under some other environmental conditions 
and a recent large-scale chemical genomic assay in yeast indicates that genes with 
condition-specific functions are rather common in the genome: 97% of gene deletions 
exhibited a measurable growth phenotype in at least one of hundreds of tested conditions 
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compared to only 34% in rich medium63. Second, even if organisms have a substantial 
capacity to compensate for null mutations, either by redundant gene copies or by 
alternative metabolic routes, this might be the by-product of other evolved properties 
of metabolism. But what are the selective forces maintaining parallel pathways and 
isoenzymes with redundant functions? 
 Although selection for resilience against harmful mutations could, in principle, 
increase the mutational robustness of biochemical networks, population genetic 
models show that the selection pressure is weak at best, of the order of mutation rates64. 
Alternatively, distinct, but functionally overlapping metabolic pathways might evolve 
as a result of selection for utilization of various nutrients and, as a correlated response, 
some of these pathways may also increase robustness against mutations under some 
circumstances65 (see Figure 2). One appeal of this latter scenario is that the evolution of 
robustness against environmental changes is unproblematic from a population genetics 
point of view. Furthermore, evidence suggest that insensitivity to environmental 
perturbations and robustness against mutations are generally correlated66,67, hence 
natural selection to promote survival under a large variety of environments might 
indirectly increase mutational resilience. As a further support, it has been recently 
demonstrated that a large fraction of the compensating gene pairs in cellular networks 
bear distinct functional roles and are not redundant under all conditions65,68, suggesting 
that these genes are unlikely to be maintained by direct selection for mutational 
robustness. Importantly, parallel metabolic pathways could evolve not only to 
metabolize qualitatively different nutrient molecules, but also in response to variation 
in the quantitative availability of nutrients. For example, E. coli has two pathways of 
glutamate synthesis, one of which can fix ammonium into organic molecules when the 
external concentration of ammonium is low, while the other plays an important role 
when the cell is limited for energy, but is not under ammonium restriction69. Finally, 
the evolutionary maintenance of compensating isoenzymes in metabolic networks 
could be explained by selection to increase gene dosage (i.e. to increase flux)61,70, filter 
nongenetic noise71 or provide differential regulation of isoforms72.
 Thus, instead of regarding apparently redundant pathways and enzymes in 
metabolic networks as adaptations against mutations, their presence more likely reflects 
the fact that metabolism has evolved to operate under a variety of environmental 
conditions and in the face of stochastic perturbations. Future synthetic biology studies 
could, in principle, provide more direct tests of this idea by introducing novel metabolic 
pathways into a wild-type microbe in order to extend its range of growth regimes. 
Then, mutation accumulation experiments73 could be employed to test whether the 
modified strain show increased genetic robustness under a condition where both the 
wild-type and the modified strain has similar growth performance. 
Despite the general conclusion on the evolutionary maintenance of dispensable 
genes, further comparative studies are needed to decipher the interspecies variation in 
pathway and isoenzyme redundancies. For example, the highly reduced genome of 
Mycoplasma genitalium has an especially low fraction of dispensable genes74, which 
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is compatible with the idea that a strict host associated lifestyle leads to the loss of 
condition-specific genes, hence compensating capacity61. However, it remains to 
be explored whether the dimensionality of the environment experienced by a given 
organism can, in general, explain its mutational robustness.
Future directions
 Despite suggestions to the contrary, there is no convincing evidence for the 
view that some of the global properties of metabolic networks are directly shaped 
by natural selection: the degree distribution of metabolic graphs or their resilience 
against random mutations can be better explained as by-products of other adaptive 
evolutionary processes. In contrast, various properties of some well-studied metabolic 
pathways and, in many cases, the phenotypic behaviour of the whole network can 
Figure 2. A conceptual model to explain the evolution of genetic robustness as a by-product of adaptation 
to new environments. Pathway A and pathway B both synthesize a key metabolite (circle), but start from 
different external nutrients. In the ancestral state only pathway A is present and therefore the microbe is able 
to grow only in Environment I or III. Pathway B evolves as an adaptation to enable growth in Environment 
II as well. In the evolved state the microbe is able to grow in both Environment I and II, and also under a 
condition where the starting nutrients of both pathways are present (Environment III). Importantly, although 
pathway A and B have distinct functional roles, they have the capacity to compensate each other’s loss in 
Environment III.
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often be explained as a result of natural selection for higher pathway fluxes and/or 
higher molar yields. However, further progress in understanding metabolic adaptations 
will certainly benefit from systematic cost-benefit analyses of metabolic network 
properties, from comparative studies on organisms with different ecological niches 
and from new experimental approaches. More specifically, we expect that future 
formulation of adaptive hypotheses will incorporate information on trade-offs between 
different functional properties of the metabolic system (e.g. yield and rate) and on 
metabolic costs (e.g. enzyme levels or intermediate concentrations). Second, there is a 
great need for comparative studies on the ecological and metabolic characteristics of a 
set of species. The most informative comparative analyses are based on reconstructed 
phylogenies75 and can be used both to discover correlations between certain metabolic 
properties and environmental variables, hence to suggest adaptive explanations, and 
also to test well formulated hypotheses. Thus, it might be particularly fruitful to focus 
on closely related groups of organisms where genome sequence and biochemical 
data are available and where the phylogenetic relationships can be reliably inferred 
(e.g. yeast species or various groups of well studied bacteria). Finally, we expect 
that advances in synthetic biology and metabolic engineering tools will open new 
possibilities in studying systems-level adaptations. For example, systematic addition 
of new links into the gene regulatory network of E. coli has been carried out recently76. 
Applying analogous rewiring approaches to metabolic networks (i.e. inactivation and 
addition of pathways) could, in principle, contribute to the elucidation of metabolic 
designs in at least two ways (Figure 3). First, with the in vivo construction of different 
metabolic network forms, it will become possible to explore the space of plausible 
alternative molecular circuits and to identify potential trade-offs that are needed to 
formulate more realistic engineering models. Second, fitness measurement of strains 
carrying different network forms could be employed to experimentally test whether the 
wild-type form is adaptive and, in addition, will offer an unprecedented insight into the 
fitness landscape of metabolic systems.
Acknowledgements
 We thank Csaba Pál for suggestions on an earlier version of the manuscript 
and an anonymous referee for bringing an important point to our attention. BP is 
supported by The International Human Frontier Science Program Organization, by 
the Hungarian Scientific Research Fund (OTKA) and by the Bolyai Fellowship of the 
Hungarian Academy of Sciences. This work was part of (i) The BioRange programme 
of The Netherlands Bioinformatics Centre (NBIC), supported by a BSIK grant through 
The Netherlands Genomics Initiative (NGI) and (ii) The Kluyver Centre for Genomics 
of Industrial Fermentation.
A critical view of metabolic network adaptations
95
References
1. Bruggeman, F.J. & Westerhoff, H.V. (2007) The nature of systems biology. Trends Microbiol, 15, 
45-50.
2. Jeong, H., Tombor, B., Albert, R., Oltvai, Z.N. & Barabasi, A.L. (2000) The large-scale 
organization of metabolic networks. Nature, 407, 651-4.
3. Wagner, A. (2000) Robustness against mutations in genetic networks of yeast. Nat.Genet., 24, 
355-361.
4. Zaslaver, A., Mayo, A.E., Rosenberg, R., Bashkin, P., Sberro, H., Tsalyuk, M., Surette, M.G. & 
Alon, U. (2004) Just-in-time transcription program in metabolic pathways. Nat Genet, 36, 486-
91.
5. Varma, A. & Palsson, B.O. (1994) Stoichiometric flux balance models quantitatively predict 
growth and metabolic by-product secretion in wild-type Escherichia coli W3110. Appl Environ 
Microbiol, 60, 3724-31.
6. Wagner, A. Gene networks and natural selection. in Evolutionary genomics and proteomics (eds. 
Pagel, M. & Pomiankowski, A.) (Sinauer Associates Inc., Sunderland, Massachusetts, 2007).
7. Lynch, M. (2007) The frailty of adaptive hypotheses for the origins of organismal complexity. 
Proc Natl Acad Sci U S A, 104 Suppl 1, 8597-604.
Figure 3. A synthetic biology approach to map the fitness landscape of metabolic network structures. A 
large set of randomly rewired metabolic networks is constructed using high-throughput synthetic biology 
and genome engineering tools (e.g., addition of new pathways and deletion of enzymes). By measuring the 
metabolic performance and fitness of rewired networks, the fitness landscape of metabolic network struc-
tures can be mapped and the adaptedness of the wild-type can be examined.
Chapter 6
96
8. Lynch, M. (2007) The evolution of genetic networks by non-adaptive processes. Nat Rev Genet, 
8, 803-13.
9. Pfeiffer, T., Soyer, O.S. & Bonhoeffer, S. (2005) The evolution of connectivity in metabolic 
networks. PLoS Biol, 3, e228.
10. Pharkya, P., Burgard, A.P. & Maranas, C.D. (2004) OptStrain: a computational framework for 
redesign of microbial production systems. Genome Res, 14, 2367-76.
11. Yang, Z.H. & Bielawski, J.P. (2000) Statistical methods for detecting molecular adaptation. 
Trends in Ecology & Evolution, 15, 496-503.
12. Artzy-Randrup, Y., Fleishman, S.J., Ben-Tal, N. & Stone, L. (2004) Comment on “Network 
motifs: simple building blocks of complex networks” and “Superfamilies of evolved and 
designed networks”. Science, 305, 1107; author reply 1107.
13. Parker, G.A. & Smith, J.M. (1990) Optimality theory in evolutionary biology. Nature, 348, 27-
33.
14. Weber, T.P. (1998) Optimizing metabolic pathways. Trends in Ecology and Evolution, 13, 437-
437.
15. Barabasi, A.L. & Oltvai, Z.N. (2004) Network biology: understanding the cell’s functional 
organization. Nat Rev Genet, 5, 101-13.
16. Pál, C., Papp, B. & Lercher, M.J. (2005) Adaptive evolution of bacterial metabolic networks by 
horizontal gene transfer. Nat Genet, 37, 1372-1375.
17. Krebs, J.R. & Davies, N.B. An introduction to behavioural ecology, (Blackwell Science Ltd, 
1993).
18. Bull, J.J. & Charnov, E.L. (1988) How fundamental are Fisherian sex ratios? Oxf. Surv. Evol. 
Biol., 5, 96-135.
19. Metcalf, R.A. (1980) Sex Ratios, Parent-Offspring Conflict, and Local Competition for Mates in 
the Social Wasps Polistes metricus and Polistes variatus. American Naturalist, 116, 642-654.
20. Basolo, A.L. (1994) The dynamics of fisherian sex-ratio evolution - theoretical and experimental 
investigations. American Naturalist, 144, 473-490.
21. Alon, U. An introduction to systems biology: design principles of biological circuits, 320 
(Chapman & Hall/CRC, 2006).
22. Heinrich, R., Schuster, S. & Holzhutter, H.G. (1991) Mathematical analysis of enzymic reaction 
systems using optimization principles. Eur J Biochem, 201, 1-21.
23. Schuetz, R., Kuepfer, L. & Sauer, U. (2007) Systematic evaluation of objective functions for 
predicting intracellular fluxes in Escherichia coli. Mol Syst Biol, 3, 119.
24. Takemoto, K., Nacher, J.C. & Akutsu, T. (2007) Correlation between structure and temperature 
in prokaryotic metabolic networks. BMC Bioinformatics, 8, 303.
25. Arita, M. (2004) The metabolic world of Escherichia coli is not small. Proc Natl Acad Sci U S A, 
101, 1543-7.
26. Mahadevan, R. & Palsson, B.O. (2005) Properties of metabolic networks: structure versus 
function. Biophys J, 88, L07-9.
27. Gleiss, P.M., Stadler, P.F. & Wagner, A. (2001) Relevant cycles in chemical reaction networks. 
Advances in Complex Systems, 4, 207-226.
28. Heinrich, R., Montero, F., Klipp, E., Waddell, T.G. & Melendez-Hevia, E. (1997) Theoretical 
approaches to the evolutionary optimization of glycolysis: thermodynamic and kinetic constraints. 
Eur J Biochem, 243, 191-201.
29. Stephani, A. & Heinrich, R. (1998) Kinetic and thermodynamic principles determining the 
structural design of ATP-producing systems. Bull Math Biol, 60, 505-43.
30. Stephani, A., Nuno, J.C. & Heinrich, R. (1999) Optimal stoichiometric designs of ATP-producing 
systems as determined by an evolutionary algorithm. J Theor Biol, 199, 45-61.
31. Melendez-Hevia, E., Waddell, T.G. & Montero, F. (1994) Optimization of metabolism: the 
evolution of metabolic pathways toward simplicity through the game of the pentose phosphate 
cycle. Journal of Theoretical Biology, 166, 201-219.
32. Beasley, J.E. & Planes, F.J. (2007) Recovering metabolic pathways via optimization. 
Bioinformatics, 23, 92-8.
33. Verhees, C.H., Kengen, S.W., Tuininga, J.E., Schut, G.J., Adams, M.W., De Vos, W.M. & Van 
Der Oost, J. (2003) The unique features of glycolytic pathways in Archaea. Biochem J, 375, 231-
46.
34. Huynen, M.A., Dandekar, T. & Bork, P. (1999) Variation and evolution of the citric-acid cycle: a 
genomic perspective. Trends Microbiol, 7, 281-91.
35. Cardol, P. et al. (2008) An original adaptation of photosynthesis in the marine green alga 
Ostreococcus. Proc Natl Acad Sci U S A, 105, 7881-6.
36. Pál, C., Papp, B., Lercher, M.J., Csermely, P., Oliver, S.G. & Hurst, L.D. (2006) Chance and 
necessity in the evolution of minimal metabolic networks. Nature, 440, 667-70.
37. Klipp, E., Heinrich, R. & Holzhutter, H.G. (2002) Prediction of temporal gene expression. 
Metabolic opimization by re-distribution of enzyme activities. Eur J Biochem, 269, 5406-13.
38. Teusink, B., Walsh, M.C., van Dam, K. & Westerhoff, H.V. (1998) The danger of metabolic 
pathways with turbo design. Trends Biochem Sci, 23, 162-9.
A critical view of metabolic network adaptations
97
39. Iynedjian, P.B. (1998) Glycolysis, turbo design and the endocrine pancreatic beta cell. Trends 
Biochem Sci, 23, 467-8.
40. Jansen, M.L., Daran-Lapujade, P., de Winde, J.H., Piper, M.D. & Pronk, J.T. (2004) Prolonged 
maltose-limited cultivation of Saccharomyces cerevisiae selects for cells with improved maltose 
affinity and hypersensitivity. Appl Environ Microbiol, 70, 1956-63.
41. Elena, S.F. & Lenski, R.E. (2003) Evolution experiments with microorganisms: the dynamics 
and genetic bases of adaptation. Nat Rev Genet, 4, 457-69.
42. Sauer, U. (2006) Metabolic networks in motion: 13C-based flux analysis. Mol Syst Biol, 2, 62.
43. Price, N.D., Reed, J.L. & Palsson, B.O. (2004) Genome-scale models of microbial cells: 
evaluating the consequences of constraints. Nat Rev Microbiol, 2, 886-97.
44. Christensen, B. & Nielsen, J. (2000) Metabolic network analysis. A powerful tool in metabolic 
engineering. Adv Biochem Eng Biotechnol, 66, 209-31.
45. Segrè, D., Vitkup, D. & Church, G.M. (2002) Analysis of optimality in natural and perturbed 
metabolic networks. Proc Natl Acad Sci U S A, 99, 15112-7.
46. Ibarra, R.U., Edwards, J.S. & Palsson, B.O. (2002) Escherichia coli K-12 undergoes adaptive 
evolution to achieve in silico predicted optimal growth. Nature, 420, 186-9.
47. Schuster, S., Pfeiffer, T. & Fell, D.A. (2008) Is maximization of molar yield in metabolic networks 
favoured by evolution? J Theor Biol, 252, 497-504.
48. Teusink, B., Wiersma, A., Molenaar, D., Francke, C., de Vos, W.M., Siezen, R.J. & Smid, E.J. 
(2006) Analysis of growth of Lactobacillus plantarum WCFS1 on a complex medium using a 
genome-scale metabolic model. J Biol Chem, 281, 40041-8.
49. Famili, I., Forster, J., Nielsen, J. & Palsson, B.O. (2003) Saccharomyces cerevisiae phenotypes 
can be predicted by using constraint-based analysis of a genome-scale reconstructed metabolic 
network. Proc Natl Acad Sci U S A, 100, 13134-9.
50. Vemuri, G.N., Eiteman, M.A., McEwen, J.E., Olsson, L. & Nielsen, J. (2007) Increasing NADH 
oxidation reduces overflow metabolism in Saccharomyces cerevisiae. Proc Natl Acad Sci U S A, 
104, 2402-7.
51. Neves, A.R., Pool, W.A., Kok, J., Kuipers, O.P. & Santos, H. (2005) Overview on sugar 
metabolism and its control in Lactococcus lactis - the input from in vivo NMR. FEMS Microbiol 
Rev, 29, 531-54.
52. Oliveira, A.P., Nielsen, J. & Forster, J. (2005) Modeling Lactococcus lactis using a genome-scale 
flux model. BMC Microbiol, 5, 39.
53. Beg, Q.K., Vazquez, A., Ernst, J., de Menezes, M.A., Bar-Joseph, Z., Barabasi, A.L. & Oltvai, 
Z.N. (2007) Intracellular crowding defines the mode and sequence of substrate uptake by 
Escherichia coli and constrains its metabolic activity. Proc Natl Acad Sci U S A, 104, 12663-8.
54. MacLean, R.C. (2008) The tragedy of the commons in microbial populations: insights from 
theoretical, comparative and experimental studies. Heredity, 100, 471-7.
55. Novak, M., Pfeiffer, T., Lenski, R.E., Sauer, U. & Bonhoeffer, S. (2006) Experimental tests for 
an evolutionary trade-off between growth rate and yield in E. coli. Am Nat, 168, 242-51.
56. Pfeiffer, T., Schuster, S. & Bonhoeffer, S. (2001) Cooperation and competition in the evolution 
of ATP-producing pathways. Science, 292, 504-7.
57. Aledo, J.C. & del Valle, A.E. (2004) The ATP paradox is the expression of an economizing fuel 
mechanism. J Biol Chem, 279, 55372-5.
58. Dekel, E. & Alon, U. (2005) Optimality and evolutionary tuning of the expression level of a 
protein. Nature, 436, 588-92.
59. Stelling, J., Klamt, S., Bettenbrock, K., Schuster, S. & Gilles, E.D. (2002) Metabolic network 
structure determines key aspects of functionality and regulation. Nature, 420, 190-3.
60. Hurst, L.D. & Pál, C. Genomic redundancy and dispensability. in Evolutionary Genomics 
and Proteomics (eds. Pagel, M. & Pomiankowski, A.) (Sinauer Associates Inc., Sunderland, 
Massachusetts, 2007).
61. Papp, B., Pál, C. & Hurst, L.D. (2004) Metabolic network analysis of the causes and evolution of 
enzyme dispensability in yeast. Nature, 429, 661-4.
62. Blank, L.M., Kuepfer, L. & Sauer, U. (2005) Large-scale 13C-flux analysis reveals mechanistic 
principles of metabolic network robustness to null mutations in yeast. Genome Biol, 6, R49.
63. Hillenmeyer, M.E. et al. (2008) The chemical genomic portrait of yeast: uncovering a phenotype 
for all genes. Science, 320, 362-5.
64. Proulx, S.R. (2005) The opportunity for canalization and the evolution of genetic networks. Am 
Nat, 165, 147-62.
65. Harrison, R., Papp, B., Pal, C., Oliver, S.G. & Delneri, D. (2007) Plasticity of genetic interactions 
in metabolic networks of yeast. Proc Natl Acad Sci U S A, 104, 2307-12.
66. Meiklejohn, C.D. & Hartl, D.L. (2002) A single mode of canalization. Trends Ecol Evol, 17, 468-
473.
67. Remold, S.K. & Lenski, R.E. (2004) Pervasive joint influence of epistasis and plasticity on 
mutational effects in Escherichia coli. Nat Genet, 36, 423-6.
68. Ihmels, J., Collins, S.R., Schuldiner, M., Krogan, N.J. & Weissman, J.S. (2007) Backup without 
redundancy: genetic interactions reveal the cost of duplicate gene loss. Mol Syst Biol, 3, 86.
Chapter 6
98
69. Helling, R.B. (1994) Why does Escherichia coli have two primary pathways for synthesis of 
glutamate? J Bacteriol, 176, 4664-8.
70. Conant, G.C. & Wolfe, K.H. (2007) Increased glycolytic flux as an outcome of whole-genome 
duplication in yeast. Mol Syst Biol, 3, 129.
71. Kafri, R., Levy, M. & Pilpel, Y. (2006) The regulatory utilization of genetic redundancy through 
responsive backup circuits. Proc Natl Acad Sci U S A, 103, 11653-8.
72. Ihmels, J., Levy, R. & Barkai, N. (2004) Principles of transcriptional control in the metabolic 
network of Saccharomyces cerevisiae. Nat Biotechnol, 22, 86-92.
73. Montville, R., Froissart, R., Remold, S.K., Tenaillon, O. & Turner, P.E. (2005) Evolution of 
mutational robustness in an RNA virus. PLoS Biol, 3, e381.
74. Glass, J.I. et al. (2006) Essential genes of a minimal bacterium. Proc Natl Acad Sci U S A, 103, 
425-30.
75. Harvey, P.H. & Purvis, A. (1991) Comparative methods for explaining adaptations. Nature, 351, 
619-624.
76. Isalan, M., Lemerle, C., Michalodimitrakis, K., Horn, C., Beltrao, P., Raineri, E., Garriga-Canut, 
M. & Serrano, L. (2008) Evolvability and hierarchy in rewired bacterial gene networks. Nature, 
452, 840-5.
A critical view of metabolic network adaptations
99
100
101
Chapter 7
Summarizing discussion
Chapter 7
102
 This chapter provides a global summary of the research discussions (and main 
findings) of the preceding chapters, supplemented with recent literature and research 
perspectives.
The starting point of genome-scale reconstruction of metabolism is the 
annotation of a sequenced genome. The annotation process includes the assignment 
of functions to genes and relies on comparative genomics by orthology1. Prediction of 
orthology is often done by Bidirectional Best Hit (BBH) approaches that, in general, 
results in a single gene in one genome being predicted to be the ortholog of a single 
gene in the other genome (called one-to-one orthology). This approach can easily 
be applied at large-scale, in light of computational feasibility and interpretation, 
but the down-side is that recent gene duplication events are ignored. To study the 
effect of gene duplication on function prediction, we analyzed cases where in one 
species the orthologous gene has duplicated after the speciation of the two species 
(called inparalogs2). Thus, both inparalogs are orthologous to the single gene in the 
other species. Although the most similar genes at the sequence level (i.e. one-to-
one orthology) conserved gene neighborhood in the majority of cases, a substantial 
fraction showed the opposite. As gene neighborhood conservation often indicates 
functional equivalency, it suggests that ignoring gene duplicates could affect gene 
function prediction. In line with the original definition of orthology one should in 
principle include inparalogs and take both genes as equal likely candidates for function 
prediction. Given our findings it is beneficial to combine orthology with contextual 
information (e.g. gene neighborhood conservation) to classify functionally equivalent 
genes. This has recently been initialized for prokaryotes at large-scale3. A suitable 
method for sequence similarity is the INPARANOID algorithm4, especially for large-
scale orthology predictions, because it includes inparalog detection (in combination 
with BBH). Recently, it has been shown that the definition of orthologs (and 
inparalogs) on the basis of phylogenetic trees of homologous genes can be automated5. 
The strength of phylogenetic tree reconstructions is that sequence information of many 
species is considered which could lead to higher resolution orthology predictions. It 
could be analyzed to what extent large-scale phylogenetic tree reconstructions differ 
with algorithms like INPARANOID. Such a study might be relevant to select the most 
suitable orthology prediction approach.
On the basis of orthology prediction we developed a strategy to reconstruct 
genome-scale metabolic networks. These reconstructions are species-specific and 
provide a measure of the metabolic capability. Unfortunately the process of network 
reconstruction can be time-consuming. First, all genes encoding enzymes have to be 
determined. Secondly, the correct metabolic reaction catalyzed by the enzyme has to 
be assigned. Thirdly, the collection of reactions should form a network that converts 
nutrients into biomass components (amino acids, nucleotides, lipids, etc). This allows 
the organism to grow and reproduce. We presented a method to accelerate the process 
of network reconstruction for a query species. Metabolic reactions are predicted based 
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on well-curated networks of other species using orthology. In our study we focused on 
the prediction of the Lactococcus lactis IL1403 metabolic network which we compared 
to a published version6. We recovered most of the gene-reaction associations that were 
present in the published version and we predicted many additional genes associated 
to reactions. A major fraction of these additional gene-reaction associations involved 
specific metabolic reactions, which could be useful additions to the metabolic network 
(see chapter 3 for details). Even though the actual choice whether or not these specific 
gene-reaction associations should be included, might depends on the exact goal of the 
(modeling) study, new associations are useful information for further improvement 
of the model. Especially in the context of integrative bioinformatics, any new gene-
reaction association allows that specific gene to be studied in its metabolic context.  In 
addition, we reconstructed the metabolism of L. lactis MG13637,8. This is a food-related 
bacterium and model organism in the field of lactic acid bacteria. Currently, there is a 
rapid increase of metabolic reconstructions9, including high quality versions like the 
one of E. coli (experienced 15 years of development and improvement)10. We developed 
the method with the goal to accelerate the process of metabolic reconstruction, by 
minimizing the adjustments needed during curation, and by giving the curator an 
overview of the decisions made previously by other curators. We are aware of the 
fact that the quality of a metabolic network derived from our method depends on the 
availability and quality of manually curated metabolic networks, and on the orthology 
detection (see above). Our approach has been used to reconstruct the metabolisms 
of various organisms, such as lactic acid bacteria within the “Top Institute Food and 
Nutrition”1   and the “Kluyver Center for Genomics of Industrial Fermentation”11. The 
practical relevance of the method is best illustrated by comparing the time-scale of the 
first and latest reconstruction. The first reconstruction (Lactobacillus plantarum) took 
about 2 years while the latest reconstruction (Lactobacullis bulgaricus) took a couple 
of days. 
There are ongoing projects with the aim to automate the reconstruction of 
all sequenced genomes12. This raises the question what the additional value will be of 
having all these networks. Several purposes can be considered. First, they can be used 
to visualize genomics data (e.g. gene expression) in data-driven research for any species 
of interest. Second, when one is interested in modeling a particular species it could 
form the basis for (rapid) manual curation. Third, in line with comparative genome 
analysis it becomes possible to infer similarities and differences in network structure 
(e.g. by network alignment). The latter is of interest in the analysis of evolutionary 
adaptations of networks, i.e. properties that increase the fit of the organism to their 
environment. A question that can be raised is whether differences in network structures 
reflect adaptation or chance historical events? Comparative approaches of (optimal) 
network structures in context of ecological / environmental characteristics may shed 
light on this question (see chapter 6 for details).  
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Global functional properties of metabolism can be investigated by 
stoichiometric modeling13. Flux coupling14 is a large scale modeling framework to 
infer the extent of flux coupling (or dependency) between reactions in the context 
of the entire network function (i.e. growth). It therefore provides a way to question 
why certain genes in the network show tight transcriptional co-regulation while others 
are more or less independently regulated. Prior studies showed that the degree of co-
regulation between enzymatic genes decreases with their distance in the metabolic 
network15. Distance is defined as the minimal number of metabolites that separates 
any two reactions in the network. It is nevertheless unexplained how a pure graph-
theoretical measure of network distance relates to physiologically relevant functional 
associations. For the metabolism of Escherichia coli we examined whether gene 
co-regulation can be better explained by flux coupling than by network distance. 
We confirmed that genes coupled by their enzymatic fluxes show similar expression 
patterns, share transcriptional regulators and reside frequently in the same operon. 
Genes that show complete coupling in terms of their enzymatic fluxes (referred to as 
full coupling) are, however, not strictly organized within the same operon. This might 
be explained by the existence of specific expression mechanisms. ‘Just-in-time’16 is 
such a mechanism in which genes are expressed within time intervals and this could be 
favored by gene organization in different operons. Furthermore, it is known that many 
levels of regulation, such as post-transcriptional and -translational modifications, exist 
between transcription and flux. Together with the fact that regulation can take place at 
individual enzyme level17 it cannot be expected, even for fully coupled genes, to observe 
a strict correlation with transcriptional co-regulation. Although our results show that 
network distance has much less influence on co-regulation when considering flux 
coupling, it should be mentioned that network distance is not the only possible graph-
theoretical measure. Therefore future studies may address whether more sophisticated 
measures could provide refined insights into gene co-regulation. 
Besides a comparison of types of flux coupling with respect to gene co-
regulation, a systematic study of directional flux coupling and its effect on genomic 
properties, such as genome evolution, was performed. Directional coupling represents 
an asymmetric relation between two enzymes, A and B, where the function of A 
depends on B, but B does not depend on A. As this relationship arises from the systems 
properties of metabolism, we expected this to be reflected in species-specific cellular 
properties, such as gene dispensability and expression, and also in genome evolution. 
This is important not only because asymmetric relations occur frequently (relative 
to full coupling), but also because asymmetry is largely ignored in the analysis of 
genomic data (main focus is on symmetry18,19). Interestingly, gene B is more frequently 
gained across evolution at (ancestral) stages where both genes were not present. In 
addition, when one of the two genes is lost in evolution, it is in most cases gene A. 
These evolutionary events lead to asymmetric patterns in the presence and absence of 
genes across present day species which can be interpreted by the asymmetric coupling 
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of enzymatic fluxes. The predicted asymmetry was not only reflected in the evolution 
of genomes, but also in the genomics data of gene dispensability and expression. Future 
studies may address to what extent asymmetry is reflected in other cell properties, such 
as protein complex formation. For example, protein A functions only in complex with 
B, but B can function without A.   
 Taken together, modeling of genome-scale metabolic networks, using 
concepts like flux coupling, is beneficial for genomics to explain function and 
evolution of biological systems. It is useful in bioinformatics with the aim to evaluate 
function predictions from genomics data. The quality of benchmarks, used to test 
function predictions by computational tools, could be increased. This will also lead 
to a better estimate of prediction accuracy. Most importantly, integrative functional 
genomics and bioinformatics of metabolism will become more and more feasible 
given the rapid increase of genome-scale metabolic reconstructions (see above) and 
the availability of modeling tools9,20. This also includes future integration of high-
throughput metabolomics data which provides, through metabolite concentrations, a 
way to infer the direction of the reactions in the network21. The latter will influence 
modeling since it constrains the space of possible flux states of the network.
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 Organismen zijn opgebouwd uit één of meerdere cellen. Zij kunnen zich 
vermeerderen door voedingstoffen uit de omgeving op te nemen en deze vervolgens 
om te zetten in componenten waaruit de cel bestaat. Dit proces wordt metabolisme 
genoemd. De omzetting van voedingstoffen vindt plaats via reacties welke worden 
gekatalyseerd (versneld) door eiwitten, ook wel enzymen genoemd. De route van 
voedingstof opname tot aan product vorming (componenten waaruit de cel bestaat) 
vindt echter niet plaats via enkele reacties. Zelfs in micro-organismen, zoals bacteriën, 
zijn honderden reacties, en dus ook enzymen, betrokken bij de omzettingen. Al deze 
reacties samen vormen een netwerk van interacties tussen chemische stoffen, ook wel 
metabolieten genoemd. Het ene enzym kan een bepaald metaboliet produceren, dat 
weer enzymatisch kan worden omgezet in een ander metaboliet. Dergelijke omzettingen 
gaan door totdat er relevante eindproducten gevormd zijn. Het is dus noodzakelijk 
om enzymen te produceren om metabole reacties te laten plaatsvinden. Elk enzym is 
gecodeerd in de vorm van DNA (desoxyribonucleïnezuur), een molecuul bestaande uit 
vier unieke bouwstenen. De volgorde van de bouwstenen is de code voor het enzym en 
wordt ook wel een gen genoemd. Het totaal aan DNA is het genoom). DNA is een zeer 
belangrijk molecuul, met name omdat het gekopieerd kan worden, zodat de volgende 
generaties ook de informatie voor alle enzymen bevat. Het is dus duidelijk dat de vier 
bouwstenen van het DNA ook onderdeel zijn van de componenten die worden gemaakt 
via metabolisme. 
 Vanaf eind twintigste eeuw heeft celbiologie enorme vooruitgang geboekt op 
het niveau van genetica (DNA, genoom), eiwitfuncties, metabolisme en vele andere 
cellulaire processen. Door de ontwikkeling van experimentele technieken is het 
mogelijk geworden om de volledige DNA bouwsteen volgorde te bepalen van micro-
organism tot aan de mens. Daarnaast is het ook mogelijk om organismen met elkaar te 
vergelijken om meer informatie te verkrijgen met betrekking tot overeenkomsten en 
verschillen. Naast technieken om de volledige DNA bouwsteen volgorde te bepalen 
zijn er ook methodes ontwikkeld om op grote schaal te bepalen welke genen actief zijn 
binnen een bepaalde omgeving (met voedingstoffen), de zogenaamde gen-expressie. 
Over het algemeen kan gesteld worden dat, wanneer eiwitten niet nodig zijn, ook de 
bijbehorende genen niet tot expressie zullen komen. Verder zijn er ook technieken 
ontwikkeld om op grote schaal te bepalen welke eiwitten aanwezig zijn in de cel. Deze 
experimentele technieken zijn voordurend in ontwikkeling, zodat steeds beter de gen-
expressie of hoeveelheid eiwit gemeten kan worden. 
 Aangezien grootschalige technieken enorme hoeveelheden data opleveren 
speelt bioinformatica met behulp van computers een belangrijke rol. In eerste plaats 
is het noodzakelijk om de data te structureren en op te slaan. Dit dient als basis voor 
data analyse met als doel inzicht te krijgen in de eigenschappen en het functioneren 
van cellen. De analyse is vanuit verschillende oogpunten niet triviaal en wel om de 
volgende redenen: 1) het feit dat de eigenschap (bijv. gen-expressie) van vele honderden 
componenten (bijv. genen) tegelijkertijd gemeten worden leidt tot de vraag welke 
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metingen biologisch relevant zijn en welke het resultaat zijn van achtergrondruis van 
de techniek, 2) de computationele mogelijkheden, of te wel het computer vermogen, 
is een belangrijke factor, 3) hoe kunnen we op een systematische wijze de metingen 
verklaren met het oog op cel biologie. Waarom komt bijvoorbeeld een bepaalde groep 
genen samen tot expressie terwijl weer anderen deze eigenschap niet vertonen? In het 
laatste geval is het mogelijk dat er een onderliggend proces actief is, dat niet direct 
gemeten wordt door de desbetreffende techniek. Om een voorbeeld te geven: als een 
groep enzymen opeenvolgende reacties katalyseren, is het waarschijnlijk dat de genen, 
coderend voor die enzymen, samen tot expressie komen. Regulatie van gen-expressie 
is een belangrijk proces in cellen, zodat genen tot expressie komen wanneer dat 
noodzakelijk is. Om de analyse van grootschalige data te bevorderen, is het relevant 
om systeembiologische (computer) modellen van processen (zoals metabolisme) op 
te stellen. Op deze manier kunnen experimentele gegevens in een biologische context 
geplaatst worden. 
 Dit proefschrift bestaat uit een aantal bioinformatica studies betreffende 
het construeren van (computationele) modellen van metabolisme en de toepassing 
voor het analyseren van experimentele data. Voor het construeren van een model van 
metabolisme is het noodzakelijk om allereerst de bouwsteen volgorde van het genoom 
en de genen die daar op gecodeerd liggen te bepalen. Vervolgens is het nodig om 
functies toe te kennen aan deze genen. Met andere woorden, voor elk gen moet bepaald 
worden of het codeert voor een enzym en welke metabole reactie gekatalyseerd 
wordt. De informatie over enzym functies en metabole reacties kan in verschillende 
databases gevonden worden. De meeste informatie is beschikbaar voor zogenaamde 
modelorganismen, zoals Saccharomyces cerevisiae (gist), Escherichia coli (bacterie) 
en uiteraard de mens. Modelorganismen zijn organismen waaraan het meeste 
onderzoek gedaan wordt. Dit betekent echter niet dat er geen informatie is voor andere 
organismen. Om functies toe te kennen aan genen in het mogelijk om informatie van 
andere organismen te gebruiken. Een bepaald gen is bijvoorbeeld zowel aanwezig in 
een modelorganisme en in het organismen waarvoor gen functie bepaald moet worden. 
Op basis hiervan kunnen functies van genen dus worden voorspeld. Er wordt een 
evolutionair concept toegepast om equivalente genen tussen organismen te bepalen. 
Dit wordt orthologie genoemd. Orthologen zijn genen in verschillende organismen die 
ontstaan zijn vanuit de laatste gedeelde voorouder. Eén op één orthologie (één gen in 
het ene en één in het andere organisme) is zeer gunstig voor de voorspelling van de 
genfunctie. In de evolutie van genomen spelen echter allerlei gebeurtenissen een rol 
die een bijdrage leveren aan welke genen gecodeerd liggen op een genoom (en dus 
ook de eigenschappen van organismen). Een gebeurtenis is bijvoorbeeld genduplicatie 
met als resultaat dat meerdere kopieën van één gen ontstaan. Hiervan wordt gesteld 
dat het kan leiden tot nieuwe functies, omdat mutaties in deze gekopieerde genen 
kunnen zorgen voor een iets andere volgorde van bouwstenen en dus ook een andere 
enzymfunctie. Duplicaties kunnen echter invloed hebben op de voorspelling van 
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de genfunctie. Als bijvoorbeeld in een organisme een kopie aanwezig is (dus twee 
genen in totaal) en in een ander organisme maar één, dan is het de vraag welke van 
de kopieën functioneel equivalent is aan het enige gen in het andere organisme. In 
veel studies wordt aangenomen dat de genen die het meest overeenkomen betreffende 
de volgorde van de bouwstenen degenen zijn die functioneel equivalent zijn. Het 
onderzoek met betrekking tot de vraag of dit ook zo is, is beschreven in hoofdstuk 
2. Het blijkt dat, ondanks een samenhang tussen de mate van overeenkomst in de 
volgorde van de bouwstenen en de functie, dat in ongeveer 1/3 van de gevallen de 
minder overeenkomstige kopie de meest waarschijnlijke functionele equivalent is. Dit 
betekent dus, dat als duplicatie genegeerd wordt, de meest waarschijnlijke functionele 
equivalent ook niet wordt voorspeld. Met het oog op de voorspelling van genfunctie is 
het dus aan te raden om genduplicaten te beschouwen.
 Op basis van orthologie is een methode ontwikkeld om automatisch het 
metabolisme te reconstrueren van een organisme met behulp het genoom en de genen 
die daarop gecodeerd liggen. Deze studie is beschreven in hoofdstuk 3. Als bron voor 
enzym en reactie informatie hebben we gecureerde metabole netwerken gebruikt van 
(model)organismen. Het voordeel van deze gecureerde netwerken is dat onderzoekers 
in detail het metabolisme hebben gereconstrueerd, waarbij i) fouten in enzym databases 
gecorrigeerd zijn en ii) specifieke reacties toegevoegd zijn welke niet aanwezig zijn 
in enzym databases. Het resultaat is dat de reconstructie van metabolisme, welke 
honderden reacties bevat, nu versneld kan worden. 
 Wanneer het metabolisme gereconstrueerd is, kan het onderzocht worden in 
het kader van groei (productie van componenten waaruit de cel is opgebouwd) en 
omgeving (voedingstoffen). Dit kan op basis van mathematische modellen waarbij 
de nadruk ligt op de analyse van alle mogelijke routes van input (voedingstoffen) tot 
output (groei) via reacties. Deze routes worden ook wel uitgedrukt in ‘flux’. Flux is een 
snelheid (hoeveelheid per tijdseenheid) waarmee metabolieten worden omgezet door 
een reactie. Deze functionele eigenschap van metabolisme kan gerelateerd worden aan 
data vanuit grootschalige experimentele technieken. 
 Waarom vertonen bepaalde genen nu een sterke mate van co-expressie en 
andere niet? Op basis van flux-eigenschappen van metabolisme verwachten we dat 
reacties/enzymen met een sterke co-expressie ook sterk samenhangen in flux, dus altijd 
aanwezig zijn in dezelfde route van input naar output. Daarnaast verwachten we dat 
reacties die samenhangen in flux, maar niet binnen elke omgeving (input), minder co-
expressie vertonen. Tenslotte verwachten we dat reacties die niet samenhangen in flux 
ook geen co-expressie vertonen. Op basis van fluxvoorspellingen in het metabolisme 
van E. coli en S. cerevisiae (gist) en verschillende type data met betrekking tot co-
expressie (en regulatie) zijn deze verwachtingen bevestigd. Dit onderzoek is beschreven 
in hoofdstuk 4. 
 Wat verder opvalt in de analyse van flux-eigenschappen is dat enzymen 
symmetrisch of asymmetrisch kunnen samenhangen. Enzymen kunnen volledig 
afhankelijk zijn van elkaar om te kunnen functioneren (symmetrie). In asymmetrische 
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relaties is het zo dat één van de enzymen kan functioneren met, maar ook zonder de 
anderen, terwijl die anderen wel volledig afhankelijk zijn van dat ene enzym. Het ene 
enzym is dus relatief onafhankelijk. Deze speciale relaties zijn te voorspellen vanuit 
het volledige metabolisme en blijken relatief vaak voor te komen. Als deze relaties 
inderdaad belangrijk zijn verwachten we ook dat het aantoonbaar is in grootschalige 
experimentele data. Dit blijkt ook het geval te zijn. Bijvoorbeeld, het onafhankelijke 
enzym komt vaker alleen tot expressie in vergelijking tot alleen een expressie van 
de volledig afhankelijke enzymen. Als verschillende organismen met elkaar worden 
vergeleken is het zo dat het afhankelijke enzym vaker alleen aanwezig is in vergelijking 
tot alleen een aanwezigheid van de volledig afhankelijke enzymen. Asymmetrische 
(flux)relaties zijn dus aantoonbaar in experimentele data. Dit onderzoek is beschreven 
in hoofdstuk 5.
 We kunnen dus concluderen dat de reconstructie en analyse van metabolisme, 
op basis van het genoom en in het kader van groei en omgeving, zeer nuttig is om 
patronen in data van grootschalige experimenten te interpreteren.
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